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Tuberculosis (TB) is associated with systemic inflammation and anemia, which are aggravated in persons living with HIV (PLWH). Here, we characterized the dynamics of hemoglobin levels in PLWH coinfected with TB undergoing antitubercular therapy (ATT). We also examined the relationships between anemia and systemic inflammatory disturbance as well as the association between persistent anemia and unfavorable clinical outcomes. Data on several blood biochemical parameters and on blood cell counts were retrospectively analyzed in a cohort of 256 TB/HIV patients from Brazil during 180 days of ATT. Multidimensional statistical analyses were employed to profile systemic inflammation of patients stratified by anemia status (hemoglobin levels <12 g/dL for female and <13.5 g/dL for male individuals) prior to treatment and to perform prediction of unfavorable outcomes, such as treatment failure, loss to follow up and death. We found that 101 (63.63%) of patients with anemia at pre-ATT persisted with such condition until day 180. Such individuals exhibited heightened degree of inflammatory perturbation (DIP), which in turn was inversely correlated with hemoglobin levels. Recovery from anemia was associated with increased pre-ATT albumin levels whereas persistent anemia was related to higher total protein levels in serum. Multivariable regression analysis revealed that lower baseline hemoglobin levels was the major determinant of the unfavorable outcomes. Our findings demonstrate that persistent anemia in PLWH during the course of ATT is closely related with chronic inflammatory perturbation. Early intervention to promote recovery from anemia may improve ATT outcomes.

Keywords: HIV, tuberculosis, anemia, inflammation, treatment outcome


INTRODUCTION

Tuberculosis (TB) remains as a leading cause of death from infection by a single pathogen and also among people living with human immunodeficiency virus (HIV) (1). Persons living with HIV (PLWH) exhibit up to 19 times higher risk of developing active TB (2). In addition, TB is one of the most common opportunistic infections in PLWH. In fact, a total of 1.5 million people died from TB in 2018, including 251,000 PLWH (1). Understanding the determinants of clinical outcomes of PLWH coinfected with TB is critical to improve patient care.

Anemia is also a global public health problem and is diagnosed based on concentration of hemoglobin (Hb), specifically when it falls below established cut-off values; 12.0 g/dL for women and 13.5 g/dL for men (3). Low concentrations of Hb are a frequent complication of both TB and HIV infections, and its occurrence is associated with increased morbidity and mortality (4). Several causes of anemia are described, including iron deficiency and chronic inflammation (5–7). Prevalence of anemia in TB patients is reported to range between 32 and 96% (8), whereas in PLWH, this estimate varies from 1.3 to 95% (4). The extreme discrepancies in frequency of anemia associated with either TB and/or HIV infections published by several studies are thought to be influenced by factors that include study design, geographic location as well as clinical and epidemiological characteristics of patients.

Many studies have associated anemia with poor prognosis and increased mortality after TB diagnosis (6, 7, 9). In patients with TB, anemia has been attributed to be caused by chronic inflammation (10). It has also been shown that anemia is related to accelerated HIV/AIDS disease progression in PLWH (11). This latter study concluded that Hb levels is a robust biomarker to predict death independent of CD4+ T-cell count and HIV viral load values (11). More recently, a prospective investigation of antiretroviral therapy (HAART)-naïve PLWH reported that concurrent anemia and systemic inflammation were associated with higher risk of HAART failure (12). A potential explanation for the association between anemia and poor outcomes in HIV/AIDS and/or TB is that low Hb concentrations reflect more advanced disease staging. It is still to be defined the relationship between anemia and systemic inflammation in the context of antitubercular treatment (ATT) in PLWH and whether recovery from anemia during ATT in PLWH is related to improved prognosis.

In a study from Brazil, we have recently described that risk factors for mortality were distinct between HAART-naïve and HAART-experienced PLWH patients coinfected with TB. Indeed, in HAART-naïve patients, but not in those who were already undertaking antiretrovirals, the odds of death were substantially higher in patients who developed immune reconstitution inflammatory syndrome (IRIS) during the study follow up (13). This finding suggests that inflammation during the course of ATT in PLWH is related to unfavorable outcomes. In the present study, we expanded our analyses to investigate the relationship between the presence and severity of anemia and the cellular and biochemical profile of systemic inflammation in PLWH and TB in Brazil. We also tested whether low levels of Hb measured at pre-ATT could be used to predict unfavorable outcomes.



MATERIALS AND METHODS


Ethics Statement

The study was approved by the Institutional Review Board of the Instituto Nacional de Infectologia Evandro Chagas (INI) (CAAE: 71191417.8.0000.5262). Written informed consent was obtained from all participants, and all clinical investigations were conducted according to the principles expressed in the Declaration of Helsinki.



Population and Design

A prospective cohort has been followed at the Clinical Research Laboratory on Mycobacteria (LAPCLIN-TB) of the INI Evandro Chagas, Fundação Oswaldo Cruz, Rio de Janeiro, Brazil, since 2000. The present study is a retrospective assessment performed between 2008 and 2016, with data obtained from this cohort. Data were collected from electronic medical records based on standardized information of a defined template used in each patient’s visit for the whole cohort. PLWH 18 years and older, with clinical signs and symptoms of TB were included. The diagnosis of TB was made when Mycobacterium tuberculosis (Mtb) detection was positive in any sample collected (acid fast bacilli smear, Gene Xpert or culture from clinical specimens). In cases without bacteriological confirmation, the diagnosis was established by suggestive imaging analysis, histopathological examination, together with clinical and epidemiological findings consistent with TB. For those who had a negative culture, a positive therapeutic test with TB drugs was considered, after excluding other opportunistic diseases for differential diagnosis. Patients that initiated TB treatment and were diagnosed later with non-tuberculous mycobacteria as well as those who showed rifampicin and isoniazid resistance (multidrug resistance) were excluded. Patients with bone, mammary, renal or ocular TB were excluded, since these clinical forms can have very subtle, asymptomatic presentations, making it difficult to be compared to the other forms.



Definitions

Anemia was defined according to World Health Organization (WHO) guideline criteria: Hb value < 13.5 g/dL for men and <12 g/dL for women.

Tuberculosis was classified as pleuropulmonary (when restricted to the lungs and/or pleura), extra-pulmonary (when just one extra-pulmonary site was identified) or disseminated (involving spleen, liver, bone marrow, or at least 2 non-contiguous sites).

Discharge due to cure, with or without etiologic confirmation of the diagnosis of TB, was considered a favorable outcome. Patients were defined as cured through clinical and/or radiologic improvement. Unfavorable outcome was defined as death, loss to follow up and treatment failure following the WHO guidelines. The cause of death was determined after thorough review of relevant clinical, microbiological and pathological data of each deceased patient.



Antiretroviral and Antitubercular Therapies

Highly active antiretroviral therapy was offered according to contemporary Brazilian National Guidelines that were periodically updated (14). The first line ATT regimen was the combination of rifampicin, isoniazid and pyrazinamide during the two initial months, followed by rifampicin and isoniazid for 4 months, except when the continuation phase needed to be extended to 7 months such as in cases with central nervous system TB. From July 2009 on, ethambutol was added to the intensive phase regimen following a new recommendation of the National TB program of the Brazilian Ministry of Health (15). TB treatment scheme was adjusted in cases of severe adverse reactions, drug resistance and HAART regimens that precluded the use of rifampicin.



Follow Up Visits

Visits included in this study were done at baseline, 60 and 180 days after TB therapy initiation. HAART were initiated after TB treatment according to decision from each physician and following the Brazilian TB treatment Guidelines (14). Information collected at the baseline visit included socio demographic data as well as previous TB and HAART, clinical presentation of TB, comorbidities like diabetes, hypertension, hepatitis (B and C), opportunistic diseases as well as CD4+ T-cell count and HIV VL among other variables. At baseline and in the follow up timepoints, patients underwent blood tests according to the INI’s clinical laboratory routine, with complete blood count and biochemical tests (creatinine, urea, total and direct bilirubin, albumin, alkaline phosphatase, uric acid, AST, GGT, ALT and total proteins).

Some patients (n = 06) who abandoned TB treatment (ATT loss to follow up) had recorded data on Complete Blood Count (CBC) and biochemical assessments in blood after the date of the outcome established by the present study (non-compliance), because those patients had been following up at INI by other specialties outside the TB outpatient clinic.



Statistical Data Analysis

Three timepoints were considered: baseline, day 60 (D60) and day 180 (D180) of ATT. To perform baseline analysis, were used data from 256 patients. Due to lack of data in the subsequent timepoints (6.6% were missing data at D60 and 25.4% at D180), only 191 (74.6%) patients with complete laboratory data at all timepoints were considered for longitudinal analysis. Descriptive statistics was used to present data, use the median values with interquartile ranges (IQR) as measures of central tendency and dispersion, respectively, for continuous variables. Categorical variables were described using frequency (no.) and proportions (%). The Pearson chi-square test was used to compare categorical variables between study groups. The Mann–Whitney U test (for two unmatched groups), the Wilcoxon matched pairs test (for two matched groups), the Kruskal–Wallis test (for more than 2 unmatched groups) or the Jonckheere-Terpstra permutation and asymptotic test (for time series) were used to compare continuous variables. The Spearman rank test was used to assess correlations between indicated markers, conditions and timepoints. A multivariable logistic regression analysis model was used to identify independent determinants of persistent anemia and unfavorable treatment outcomes. The results were presented in the form of adjusted odds ratio (aOR) and 95% confidence intervals (CI).

The degree of inflammatory perturbation (DIP) is based molecular degree of perturbation (MDP) (16), an adaptation of the molecular distance to health previously described (17). In the present study, instead of using gene expression values, we inputted biochemical markers concentrations, HIV viral load and blood cells counts. Thus, herein, the average level and standard deviation of a baseline reference group (non-anemic at baseline) were calculated for each biomarker. The DIP score of each individual biomarker was defined by z-score normalization, where the differences in concentration levels from the average of the biomarker in reference group was divided by the reference standard deviation. The DIP score represents the differences by number of standard deviations from the control group.

Hierarchical cluster analysis (Ward’s method) using values of z-score normalized data was employed to depict the overall expression profile of indicated markers in the study subgroups. In this analysis, the dendrograms represent the Euclidean distance (inferring degree of similarity).

All analyses were pre-specified. Differences with p-values below 0.05 after adjustment for multiple comparisons (Holm-Bonferroni) were considered statistically significant. The statistical analyses. were performed using mdp (version 1.8.0), rstatix (version 0.4.0), stats (version 3.6.2), and caret (version. 6.0.86) R packages.



RESULTS


Characteristics of the Study Participants

During the period from 2008 to 2016, 273 patients were screened, but 17 were excluded from all the analyses because of lack of data at baseline. Thus, the initial analysis included 256 patients, out of whom 219 (85.6%) were anemic and 37 (14.4%) were not anemic at baseline. The vast majority of study participants were male (71%), and the median age was 37 years old (IQR: 31–46). Individuals with anemia at baseline were similar to non-anemic participants with regard to, age, sex, overall frequency of comorbidities and life-habits (Table 1). Anemic patients more frequently self-reported weight loss (>10% of body weight) before initiating treatment and displayed lower CD4+ T-cell counts and higher HIV viral loads than those non-anemic at the study baseline (Table 1). Frequency of HAART use before TB diagnosis was higher in non-anemic study participants (65% in non-anemic vs. 43% in anemic, p = 0.021; Table 1).


TABLE 1. Characteristics of the study population.

[image: Table 1]To perform the longitudinal analysis, 82 of these patients were excluded because due to lack of data at some time point of the TB treatment (as described in “Materials and Methods”). Thus, 191 patients were further considered, out of whom 161 (84.3%) were anemic and 30 (15.7%) were not anemic at baseline. The median TB treatment period was 189 days for both groups. At day 180 of treatment, CD4+ T-cell counts increased in both study groups, but values in the group of participants who were anemic at the study baseline persisted substantially lower than those measured in non-anemic patients (p = 0.018; Table 1). Nevertheless, both frequency of individuals with undetectable HIV viral loads and median values with detectable viral loads were indistinguishable between study participants stratified based on anemia at baseline. There was no difference in the type of antitubercular treatment regimen between the study groups.



Presence of Anemia Is Associated With Specific Cellular and Biochemical Profiles in Peripheral Blood of PWH Coinfected With TB

The overall differences in cell counts and values of biochemical parameters measured at pre-ATT for anemic and non-anemic TB patients are described in Supplementary Table 1. As expected, erythrocyte counts, and values of hematocrit and hemoglobin were lower in anemic compared to non-anemic study participants. In addition, anemic patients exhibited lower counts of several leukocytes including lymphocytes and eosinophils at the study baseline (Supplementary Table 1). Additional analyses of the CBC parameters using hierarchical clustering of z-score normalized data and computation of fold change were performed to evaluate the dynamicity of the values over time in each group (Figure 1A). We observed a distinct profile between the groups, with three clusters defined in the heatmap, where the latter cluster (hemoglobin, hematocrit and erythrocyte) was the most consistent in both groups, with few changes mainly in the group of patients without anemia before treatment (baseline). Furthermore, it was possible to observe that, in the anemic participants, there was a significant difference in all parameters over time, mainly when comparing the baseline with the end of TB treatment (D180).
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FIGURE 1. Differential change in biomarkers between anemic and non-anemic patients. A Heatmap was designed to depict the overall pattern of complete blood counts (CBC) (A) and biochemical markers (B) at all timepoints in anemic and non-anemic at different study timepoints of anti-tubercular treatment. A two-way hierarchical cluster analysis (Ward’s method) was performed. Dendrograms represent Euclidean distance. Expression scale represents Z-score normalization from the median at each timepoint and group. To define anemia according to baseline hemoglobin, the cut-off point of 12 g/dL for women and 13.5 g/dL for men was used. A log10 of fold-change was calculated and statistical analyses were performed using the Mann–Whitney U adjusted test. Significative differences (p < 0.05) between anemic and non-anemic patients for each time point are highlighted in red bars. Data are from 191 patients who had complete information on cell counts and biochemical measurements at all study timepoints.


In regard to biochemical parameters, statistically significant differences were found in levels of ALT, AST and GGT, which were all higher in anemic patients at baseline, whereas the levels of albumin were lower (Supplementary Table 1 and Figure 1B). Additional hierarchical cluster and fold change analysis performed with biochemical parameters revealed a distinct profile between the groups (Figure 1B). Again, small changes over time in the group without anemia at baseline were observed, with increased levels of uric acid and decreased levels of creatinine at D60 and with increase in albumin levels at D180, comparing with baseline. In the group that presented anemia at baseline, the differences in levels of biomarkers were more pronounced. We found that, at D60, a decrease in urea levels and increase in uric acid and albumin levels were detected compared to baseline. At D180, there were significantly higher values of albumin and lower values of direct bilirubin, alkaline phosphatase, AST, GGT and ALT, than those measured at the study baseline.



Correlation Between Cells and Biochemical Parameters With Hemoglobin

The results presented above indicate that anemia is associated with a distinct profile of cell counts and biochemical parameters in peripheral blood of patients with HIV-TB coinfection prior to initiation of ATT. We next examined the correlations between Hb levels and cell counts or values of the biochemical parameters (Figure 2). We observed that gradual increases in Hb values were related with decreases in percentage of neutrophils (r = −0.27; p < 0.001) and levels of ALT (r = −0.26; p < 0.001), AST (r = −0.25; p < 0.001), GGT (r = −0.35; p < 0.001), Alkaline Phosphatase (r = −0.23; p < 0.001), and Urea (r = −0.13; p = 0.045). Furthermore, frequency of lymphocytes (r = 0.35; p < 0.001) and monocytes (r = 0.14; p = 0.021), as well as levels of albumin (r = 0.61; p < 0.001) were increased proportionally to elevations in Hb levels (Figure 2). These findings reinforce the idea that degree of anemia is associated with changes in cellular and biochemical disturbances in peripheral blood.
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FIGURE 2. Spearman correlation analysis of cells and biochemical parameters versus hemoglobin in blood of TB-HIV prior to antitubercular treatment initiation. Plots from statistically significant Spearman correlations between biochemical parameters and hemoglobin levels at study baseline (pre-ATT) are shown (n = 256). To define anemia according to baseline hemoglobin, the cut-off point of 12 g/dL for women and 13.5 g/dL for men was used. ALT, Alanine Aminotransferase; AST, Aspartate Aminotransferase.




Dynamic Change of Hemoglobin Levels Upon Initiation of Anti-TB Treatment

In order to better understand the impact of ATT commencement in the anemia, we prospectively investigated Hb levels at different time points of therapy (Figure 3). This approach revealed a differential dynamic of changes in Hb levels depending on the anemia status at the study baseline (Figure 3A). Indeed, a gradual increase in Hb levels over time on treatment was observed in the group of anemic participants (linear trend p-value: <0.001), whereas such levels did not substantially change in those who were not anemic at baseline. Curiously, 11 (36.6%) patients who were non-anemic at baseline developed anemia at day 60, from whom 8 (26.6% of the non-anemic group) were also anemic at day 180 of ATT (Figure 3B). Among the initially anemic patients, 83.85% were still anemic at day 60 and 63.35% persisted with anemia at day 180 of therapy (Figure 3B). A Sankey diagram was used to illustrate the dynamic change of anemia status over time on ATT (Figure 3C).
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FIGURE 3. The majority of the anemic patients at baseline persist with low levels of hemoglobin after initiation of anti-tubercular treatment. To define anemia according to baseline hemoglobin, the cut-off point of 12 g/dL for women and 13.5 g/dL for men was used. (A) Hemoglobin levels at different time points of antitubercular therapy in the longitudinal population (n = 191) as well as in the groups of patients with or without anemia at baseline of treatment are shown. Anemic group presented statistically significant difference with p < 0.001 between baseline and timepoints after 2 months (D60 and D180) using Wilcoxon rank sum test with corrections. On Jonckheere-Terpstra permutation test, where an increase in one variable results in an increase or decrease in another variable, both groups presented p = 0.001 to “increase” hypothesis, with number of permutation equal to 1000. Using Jonckheere-Terpstra asymptotic test, p-value of non-anemic group was 0.851 and p-value of anemic group was <2.2e–16. Green dots represent non-anemic TB patients at baseline and purple dots represent anemic TB patients at baseline. (B) To define a patient as recovered from anemia, were considered normal levels (above the cut-off) of hemoglobin in any time point after D0. Chi-square test comparing D0 and D180 in both groups returned p < 0.00001. Green bars represent non-anemic TB patients at baseline and purple bars represent anemic TB patients at baseline. (C) Of the 161 patients who had anemia before starting treatment, 37.3% (n = 60) increased the values to normal hemoglobin levels at some time point. Of these, 95% were completely recovered (n = 55), so that 35% (n = 19) were recovered early (D60), and 60% (n = 36) were recovered late (D180). Finally, 5% (n = 5) of the patients who were anemic at study baseline presented a transient recovery (recovered at day 60 but were once again anemic at D180). 36.6% (n = 11) of the 30 patients without anemia at baseline developed anemia in D60, but three of them recovered normal hemoglobin values at D180. (D) Hemoglobin levels at different time points of antitubercular therapy in the in the population of anemic patients at baseline, divided according to the time of recovery. Using Jonckheere-Terpstra asymptotic test and Wilcoxon rank sum test with corrections, only the transient recovery group (that showed higher levels of hemoglobin at time 60 but had anemia at 180) did not exhibit a significant p-value between the timepoints. (E) Logistic binomial regression model was used to test independent associations between biochemical and clinical parameters and total recovery from anemia status at baseline, early recovery (recovery from anemia in ≤60 days from baseline) or late recovery (recovery from anemia in >60 days from baseline). The condition persistent anemia (anemia from baseline to day 180) was used as reference to test associations. Only parameters which remained with p ≤ 0.2 in univariate analysis (Supplementary Table 2 for details) model were inputted in the adjusted model. (95%CI, 95% confidence interval). Associations reported in (E) are for increases in 1 unit in plasma concentrations of the indicated markers. Data are from 191 patients who had complete information on cell counts and biochemical measurements at all study timepoints.


Hence, we observed that the vast majority of the participants who were anemic at the study baseline persisted with anemia until at least day 180 of therapy, whereas 19 (11.8%) individuals recovered from anemia at day 60 (early recovery), 36 (22.36%) recovered only by day 180 (late recovery), and 5 (3.1%) recovered at day 60 but were once again anemic at day 180 (transient recovery). The characteristics of these subpopulations are shown in the Supplementary Table 2. The dynamicity of hemoglobin levels in the different subgroups of anemic patients identified in the Sankey diagram is described in Figure 3D. Among the patients who had anemia at the baseline, with the exception of the transient recovery group, all exhibited a significant increase in hemoglobin levels over time of ATT (p-values < 0.05) (Figure 3D).



Persistent Anemia Is Associated With Augmented Degree of Inflammatory Perturbation

Given that the majority of anemic patients persisted with anemia during the time of ATT regardless of the gradual increase in hemoglobin levels, we tested whether such condition was related to a chronic and unresolved inflammatory disturbance. To do so, we employed a mathematical maneuver named Molecular Degree of Perturbation (MDP), which has been used by our group and others to estimate the overall degree of inflammation and/or immune activation (18–20). In the present study, we included cells (from CBC), viral load, CD4 counts and biochemical parameters (creatinine, urea, total and direct bilirubin, albumin, alkaline phosphatase, uric acid, AST, GGT, ALT and total proteins) to create a score henceforth named Degree of Inflammatory Perturbation (DIP) (Figure 4A). We found that in general, anemia was associated with increased DIP values measured at both baseline (Figure 4B) and at day 180 of ATT (Figure 4C), with the highest levels being detected in the group of persistent anemia. Strikingly, the DIP score values exhibited strong inverse correlations with hemoglobin levels both at baseline (r = −0.74; p < 0.001) and at day 180 (r = −61; p < 0.001), highlighting that the degree of anemia and activation of inflammation are concurrent processes.
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FIGURE 4. Patients who persists with anemia exhibit substantially higher degree of inflammatory perturbation. (A) Degree of inflammatory perturbation (DIP) is based on Molecular Degree of Perturbation (16), but instead of using gene expression, we use biochemical and cellular markers. DIP was calculated was calculated using the median and standard deviation of the control group as a starting point. Then, the Z-score was calculated for all groups, a cut-off point was established and, finally, an average disturbance calculation was performed for each sample. This figure is adapted https://mdp.sysbio.tools/about. (B,C) Left panels: Histograms show the single sample degree of inflammatory perturbation (DIP) score values relative to the non-anemic at baseline group between patients recovered from anemia and with persistent anemia at baseline (B) and day 180 (C). Right panels: Scatter plots of the summary data for each group are shown. DIP score values were compared between non-anemic at baseline (control group), recovered from anemia and persistent anemia at baseline (B) and day 180 (C). Lines in the scatter plots represent median values. Data were compared using the Mann–Whitney U test. *P < 0.05; ***P < 0.0001. Data are from 191 patients who had complete information on cell counts and biochemical measurements at all study timepoints.


Additional analyses demonstrated that, as expected, patients who had an early recovery from anemia exhibited significantly higher baseline values for erythrocytes, Hb, hematocrit, neutrophils (Supplementary Figure 1) and albumin (Supplementary Figure 2) than those who did not recover. Patients who had a late recovery displayed significantly higher baseline values of Hb and hematocrit compared to those who persisted anemic (Supplementary Figures 1, 2). The prospective comparisons have also identified discrepancies in cell counts and concentrations of biochemical parameters between the subgroups of patients based on recovery from anemia, which are summarized in Supplementary Figures 1, 2.

The findings described above led us to hypothesize that the distinct profile of cell counts, and levels of biochemical parameters, measured at pre-ATT, is associated with persistent anemia. Thus, a stepwise binary multivariate logistic regression analysis was performed to test if biochemical parameters measured at pre-ATT (baseline) are able to predict recovery from anemia. Results demonstrated that increases in concentrations of albumin were directly associated with recovery from anemia (aOR: 2.67, 95% CI:1.05–6.75, p = 0.04) whereas increases in total proteins were directly associated with persistent anemia (aOR: 0.44, 95% CI: 0.24–0.78, p = 0.01) (Figure 3E). Similar trends in associations were observed when the major group of participants who recovered from anemia were further stratified in early and late recovery.



Lower Concentrations of Hemoglobin at Pre-ATT Are Associated With Increased Risk of Unfavorable Treatment Outcome

In the longitudinal study cohort, 18 patients (9.4%) developed unfavorable outcomes (death attributed to TB: n = 3; death attributed to HIV: n = 2; ATT failure: n = 1; ATT loss to follow up abandonment: n = 12). The majority of the cases of unfavorable outcomes was composed by individuals who experienced persistent anemia (14 out of 18 participants, 77.8%) (Figure 5A). In fact, the median values of Hb levels gradually increased upon initiation of ATT in patients who were successfully treated (linear trend p < 0.001) but did substantially change in those who has unfavorable outcomes (Figure 5B). A hierarchical cluster analysis inputting average values of CBC (Figure 5C) and biochemical parameters (Figure 5D) demonstrated that there were differential trends in values between the study timepoints and the subgroups of favorable vs. unfavorable outcomes.
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FIGURE 5. Unfavorable outcome occurs mainly in patients with anemia. (A) Among all 191 patients who had complete laboratory data from all the study timepoints, only 18 had unfavorable treatment outcomes (death, failure or loss to follow up), whereas 173 were successfully treated (cure). (B) 14 of the 18 patients had anemia at baseline and 14 also had anemia at the end of the treatment. (C,D) A Heatmap was designed to depict the overall pattern of cells and biochemical markers at all timepoints in favorable and unfavorable outcome of anti-tubercular treatment. A two-way hierarchical cluster analysis (Ward’s method) was performed. Dendrograms represent Euclidean distance. Expression scale represents Z-score normalization from the median at each timepoint and group. It is possible to observe that patients who had an unfavorable outcome have a profile opposite to that of patients with a favorable outcome. In (C) we can identify that patients with a favorable outcome had an increase in most of the blood count parameters over time, and also a decrease in neutrophils, platelets and leukocytes, returning to normal levels of these components. In patients with an unfavorable outcome, the parameters remain more similar to the baseline, with the exception of neutrophils and platelets, which also decrease. In (D) the biochemical markers of both groups do not seem to change much over time, but they visibly present different profiles when comparing favorable and unfavorable. Patients with a favorable outcome have higher levels of albumin, creatinine, urea and bilirubin throughout the treatment. (E) Logistic binomial regression model to significant biochemical parameters was used to test independent associations between biochemical and clinical parameters at baseline and treatment outcome after 180 days. The treatment outcome unfavorable (failure, death or loss to follow up) was used as reference to test associations. Only parameters which remained with p ≤ 0.2 in univariate analysis model were inputted in the adjusted model. (95%CI, 95% confidence interval). Associations reported in (E) are for increases in 1 unit in plasma concentrations of indicated markers.


At study baseline, individuals who further developed unfavorable outcomes exhibited lower levels of Hb (p = 0.052), albumin (p = 0.035), uric acid (p = 0.001), urea (p = 0.006), and creatinine (p = 0.008) than those who were further successfully treated (Supplementary Table 3). A binomial logistic regression analysis was performed to test independent associations between the parameters analyzed and treatment outcome (Figure 5E). We found that increases in hemoglobin at pre-ATT were protective against unfavorable outcomes (aOR: 0.80, 95% CI: 0.64–0.99, p = 0.04) independent of the other factors (Figure 5E). These results highlight the importance of Hb as a prognostic marker in PLWH coinfected with TB.



DISCUSSION

Anemia is a common complication associated with both TB and HIV, and it has been reported to occur in between 16 and 94% of TB patients (21–24); whereas in PLWH the prevalence ranges from 39 to 71% (25–27). These observations were validated by the present study, which was focused on TB-HIV coinfection, and reported that 84.3% of the study participants were anemic at pre-ATT. In addition, our findings demonstrated that anemic patients exhibit higher inflammatory perturbation in the peripheral blood, which is sustained over the course of ATT in those who persisted with low Hb levels. Such condition is shown here to be closely associated with unfavorable outcomes. Early intervention focused on recovery from anemia could be a strategy to optimize the clinical management of PLWH with TB during ATT treatment.

In our cohort, anemic patients more frequently exhibited weight loss, lower CD4+ T-cell counts and higher HIV viral loads than those who were not anemic. These observations reinforce the idea that anemia infers more advanced stage of disease progression. Our results are in agreement with other previously published findings which demonstrated that lower body mass index (27–29), higher HIV viral loads (28), and lower CD4+ T-cell counts are all associated with higher prevalence of anemia (25, 26). As previously reported by us in a different cohort of TB patients, most of the anemia cases are attributed to chronic inflammation rather than to iron deficiency (10). A recent systematic review demonstrated that anemia is related to an increased risk of all-cause mortality and incident TB among PLWH, regardless of the anemia type (30). The magnitude of such effect is thought to be proportional to severity of anemia. Finally, iron supplementation in such cases is still a matter of debate, with inconsistent results reported by clinical trials. The probable determinants of anemia in the context of HIV/AIDS and TB are likely multifactorial and involve several factors including nutritional status (31), chronic inflammation and antibody-mediated erythrophagocytosis (32). Our results demonstrated that anemic patients also exhibit lower counts of other cell types, suggesting that a global effect on the bone marrow may be occurring. Additional mechanistic studies as well as large randomized clinical trials testing different approaches to reduce anemia are necessary to improve our knowledge regarding the molecular targets and to help delineate the best therapeutic schemes.

With regard to the biochemical parameters, our results indicate that low Hb levels accompanied higher values of ALT, AST and GGT, and lower concentrations of albumin. Such findings are similar to those previously published by our group in another cohort of TB patients and reinforce the idea that anemia is related to a distinct biochemical profile and linked to inflammation (10). In our study, the prevalence of hepatitis B or C in anemic patients (9.48%) was very similar to non-anemic patients (10.8%), suggesting that although this comorbidity is present, it is probably not the main factor driving the differences in the levels of liver transaminases. At the end of ATT, none of these biochemical markers demonstrated association with the clinical outcomes. Moreover, out of the 25 patients who had viral hepatitis, 20 (80%) had a favorable outcome, highlighting the low influence of this coinfection on the effectiveness of the treatment.

The results reported here demonstrated that among the study participants with anemia at the baseline, the vast majority persisted with low Hb levels until day 180 of ATT. In addition, within the group of patients who recovered from anemia under the course of ATT, most exhibited a late recovery, occurring between day 60 and day 180 of therapy. Other investigations have reported that anemia frequently has a benign course in TB patients without HIV coinfection, with complete recovery in 64.5% of patients undertaking ATT (5). The discrepancies between the findings presented here and this previous study can be likely explained but the fact that our cohort was composed by PLWH, which may have an additional detrimental effect on inflammation and its related anemia compared to the setting of TB in the absence of HIV. In our study, patients who recovered from anemia presented with relatively higher values of Hb and hematocrit at baseline compared to those who persisted anemic. Individuals who had early recovery from anemia also exhibited higher neutrophil counts and albumin levels. The multivariable logistic regression analysis performed here revealed that albumin was independently associated with recovery from anemia. This observation again reinforces the strong association of albumin levels with recovery from anemia. These findings suggest that the degree of anemia is associated with changes in concentrations of cells and biochemical markers and that more severe anemia before ATT indicates higher odds of persistent anemia for up to 6 months on therapy.

To describe the overall biochemical and cellular disturbances related to anemia in the study population, we used an adaption of the molecular degree of perturbation (18) to estimate the degree of inflammatory perturbation in PLWH and with TB according to anemia status. Our findings indicate that there are important discrepancies in the DIP values between patients with persistent anemia compared to those who recovered during ATT. Individuals who persisted with anemia in the course of ATT exhibited higher DIP values already at pre-ATT, and such profile was sustained ay day 180 of therapy. These findings argue that persistent anemia directly associates with increased disturbances in the biochemical and cellular profiles, which were sustained over the course of ATT. The inverse correlations between DIP values and Hb levels both at pre-ATT and at day 180 indicate that the degree of inflammatory perturbation is proportional to the severity of anemia. Whether anemia sets the stage for persistent inflammation or is just a hallmark of chronic, unfettered, dysregulation of inflammatory responses warrants further investigation. This association between low Hb levels and risk of inflammatory disturbance has been described in PLHW who experience IRIS (33, 34) and also in patients with HIV/TB coinfection (35).

Another important contribution of our study was to test whether lower concentrations of Hb at pre-ATT could be used to predict risk of unfavorable outcomes. We found that the majority of patients who had unfavorable outcomes experienced persistent anemia during the course of ATT. A previous study described that anemia is associated with a 2–3 times increase in the risk of death, recurrence of TB or ATT failure in PLWH/TB (7). Corroborating with these findings, the results from a logistic regression analysis presented here demonstrated that increases in Hb concentrations at pre-ATT play a protective role against unfavorable outcomes independent of other confounding factors.

Our study has some limitations, such as relatively small number of non-anemic participants and of unfavorable outcomes, although the latter is within the expected range in the outpatient clinic from our institution. The small sample size favors a potential bias, as well as the fact that we do not have data on these same patients prior to TB and/or HIV infection, so that we cannot determine whether the anemia was pre-existing or in fact is a consequence of the co-infection. The study population also included few IRIS cases, which precluded additional exploratory analyses. Regardless of such limitations, our study adds to the current knowledge in the field by demonstrating the relevance of persistent anemia in driving inflammatory disturbances related to worse prognosis of PLWH coinfected with TB. The fact that most patients with an unfavorable outcome persisted with anemia and with a high degree of inflammatory perturbation suggests that early intervention focused on recovery from anemia could be a strategy to optimize the clinical management of PLWH with TB during ATT treatment.
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Oxidized cholesterols have emerged as important signaling molecules of immune function, but little is known about the role of these oxysterols during mycobacterial infections. We found that expression of the oxysterol-receptor GPR183 was reduced in blood from patients with tuberculosis (TB) and type 2 diabetes (T2D) compared to TB patients without T2D and was associated with TB disease severity on chest x-ray. GPR183 activation by 7α,25-dihydroxycholesterol (7α,25-OHC) reduced growth of Mycobacterium tuberculosis (Mtb) and Mycobacterium bovis BCG in primary human monocytes, an effect abrogated by the GPR183 antagonist GSK682753. Growth inhibition was associated with reduced IFN-β and IL-10 expression and enhanced autophagy. Mice lacking GPR183 had significantly increased lung Mtb burden and dysregulated IFNs during early infection. Together, our data demonstrate that GPR183 is an important regulator of intracellular mycobacterial growth and interferons during mycobacterial infection.
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Introduction

Patients with tuberculosis and type 2 diabetes (TB–T2D) co-morbidity have increased bacterial burden and more severe disease, characterized by higher sputum smear grading scores and greater lung involvement on chest x-ray compared to TB patients without T2D (1, 2). TB–T2D patients are also more likely to fail TB therapy and to relapse (3). The reason for the increased disease severity has largely been attributed to hyperglycemia-mediated immune dysfunction, but hyperglycemia alone does not fully explain these observations (3, 4). We recently showed that independent of hyperglycemia, cholesterol concentrations in T2D patients vary greatly across different ethnicities (5). However, how cholesterol and its metabolites contribute to Mycobacterium tuberculosis (Mtb) infection outcomes remains to be elucidated.

To gain novel insights into the underlying immunological mechanisms of increased susceptibility of T2D patients to TB and to identify novel targets for host-directed therapy (HDT), we performed whole blood transcriptomic screens on TB patients with and without T2D and identified differential regulation of the transcript for oxidized cholesterol-sensing G protein-coupled receptor (GPCR), GPR183. Also known as Epstein Barr virus-induced gene 2 (EBI2), GPR183 is primarily expressed on cells of the innate and adaptive immune system (6–8). Several oxysterols can bind to GPR183 with 7α,25-hydroxycholesterol (7α,25-OHC) being the most potent endogenous agonist (6, 9, 10). GPR183 has been studied mainly in the context of viral infections (11), immune cells (6, 7, 9, 12–18), and astrocytes (19, 20); it facilitates the chemotactic distribution of lymphocytes, dendritic cells and macrophages to secondary lymphoid organs (12, 15, 16, 21, 22). Little is known about the biological role of GPR183 in the context of bacterial infections, including TB. We show here that GPR183 is a key regulator of intracellular bacterial growth and type-I IFN production during mycobacterial infection and reduced GPR183 expression is associated with increased TB disease severity.



Methods


Study Participants

TB patients and their close contacts were recruited at TB clinics outside Cape Town (South Africa). TB diagnosis was made based on positive GeneXpert MTB/RIF (Cepheid; California, USA) and/or positive MGIT culture (BD BACTED MGIT 960 system, BD, New Jersey, USA) and abnormal chest x-ray. Chest x-rays were scored, based on Ralphs score (23), by two clinicians independently. Participants with LTBI were close contacts of TB patients who tested positive on QuantiFERON-TB Gold in tube assay (Qiagen, Hilden, Germany). All study participants were screened for T2D based on HbA1c ≥6.5% and random plasma glucose ≥200 mg/dl or a previous history of T2D. Further details are available in the Supplementary Materials.



RNA Extractions and Nanostring Analysis

Total RNA was extracted from cell pellets collected in QuantiFERON-TB gold assay tubes without antigen using the Ribopure Ambion RNA isolation kit (Life Technologies, California, USA) and eluted RNA treated with DNase for 30 min. Samples with a concentration of ≥20 ng/µl and a 260/280 and 260/230 ratio of ≥1.7 were analyzed at NanoString Technologies in Seattle, Washington, USA. Differential expression of 594 genes, including 15 housekeeping genes, was performed using the nCounter GX Human Immunology kit V2. NanoString RCC data files were imported into the nSolver 3 software (nSolver Analysis software, v3.0), and gene expression was normalized to housekeeping genes.



Cell Culture

Peripheral blood mononuclear cells (PBMCs) were obtained from healthy donor blood by Ficoll-Paque (GE Healthcare, Illinois, USA) gradient centrifugation and monocytes (MNs) isolated using the Pan Monocyte Isolation kit (Miltenyi Biotec, Bergisch Gladbach, Germany), with >95% purity assessed by flow cytometry. MNs were plated onto Poly-D-lysine coated tissue culture plates (1.3 × 105 cells/well) and rested overnight at 37°C/5%CO2 in RPMI-1640 medium supplemented with 10% heat-inactivated human AB serum (Sigma Aldrich, Missouri, USA), 2 mM L-glutamine and 1 mM sodium pyruvate before infection. THP-1 cells (ATCC #TIB-202) were differentiated with 25 ng/ml PMA for 48 h and rested for 24 h prior to infection.



In Vitro Mtb (H37Rv)/M. bovis (BCG) Infection

Mtb H37Rv or M. bovis BCG single cell suspensions were added at a multiplicity of infection (MOI) of 1 or 10 with/without 100 nM 7α,25-dihydroxycholesterol (Sigma Aldrich) and with/without 10 µM GSK682753 (Focus Bioscience, Queensland, Australia), followed by 2 h incubation at 37°C/5%CO2 to allow for phagocytosis. Non-phagocytosed bacilli were removed by washing each well twice in warm RPMI-1640 containing 25 mM HEPES (Thermo Fisher Scientific). Infected cells were incubated (37°C/5%CO2) in medium with/without GPR183 agonist and/or antagonist and CFUs determined after 48 h.

To quantify bacterial growth over time, CFUs at 48 h were normalized to uptake at 2 h. Percentages of mycobacterial growth were determined relative to untreated cells. For RNA extraction, MNs were lysed by adding 500 µl of TRIzol reagent. Further details are provided in the supplementary information.



Western Blotting

THP-1 cells were infected with BCG with/without 100 nM 7α,25-OHC and with/without 10 µM GSK682753 and lysed at 6 or 24 h post infection (p.i.) in ice-cold RIPA buffer (150 mM sodium chloride, 1.0% Triton X-100, 0.5% sodium deoxycholate, 0.1% SDS, 50 mM Tris, pH 8.0; Thermo Fisher Scientific), supplemented with complete Protease Inhibitor Cocktail (Sigma Aldrich) (120 µl RIPA/1 × 106 Cells). Protein concentrations were determined using Pierce BCA Protein Assay Kit (Thermo Fisher Scientific) as per manufacturer’s protocol. 10 µg of protein per sample was loaded on NovexTM 10–20% Tris-Glycine protein gels (Thermo Fisher Scientific) and transferred onto iBlot2 Transfer Stacks PVDF membrane (Thermo Fisher Scientific). Membranes were blocked with Odyssey Blocking buffer (Milennium Science, Victoria, Australia) for 2 h, probed with rabbit anti-human LC3B (1:1,000, Sigma L7543) and rabbit anti-human GAPDH (1:2,500, Abcam 9485) overnight, followed by detection with goat anti-rabbit IgG DyLight 800 (1:20,000; Thermo Fisher Scientific). Bands were visualized using the Odyssey CLx system (LI-COR Biosciences, Nebraska, USA) and analyzed with Image Studio Lite V5.2 (LI-COR Biosciences).



Immunofluorescence

Differentiated THP-1 cells were seeded onto a poly-D-lysine coated, 96-well glass-bottom black tissue culture plate (4.5 × 104 cells/well) and kept in RPMI-1640 medium minus phenol red (Thermo Fisher Scientific) supplemented with 10% heat-inactivated FBS at 37°C/5% CO2. Cells were infected with BCG at a MOI of 10, with/without 100 nM 7α,25-OHC, with/without 10 µM GSK682753 for 2 h, washed and incubated for a further 4 h with agonists and antagonists. Cells were then fixed with 4% paraformaldehyde in PBS for 15 min, permeabilized with 0.05% saponin (Sigma Aldrich) for 20 min and blocked with 1% BSA, 0.05% saponin (Sigma Aldrich) for 1 h. Cells were immunolabeled with rabbit anti-human LC3B (ThermoFisher L10382; 1:1,000), 0.05% saponin at room temperature for 1 h followed by Alexa FluorTM 647 goat anti-rabbit IgG (ThermoFisher A21245; 1:1,000), 0.05% saponin at room temperature for 1 h followed by nuclear staining with Hoechst 33342 (Thermo Fisher Scientific 62249; 1:2,000) for 15 min. Cells were washed, and confocal microscopy was performed using the Olympus FV3000, 60× magnification. Images obtained were analyzed with the ImageJ software (24).



Murine GPR183 KO vs WT Model

Equal numbers of male and female C57BL/6 WT and Gpr183tm1Lex (age 18–20 weeks, 10 mice per group/timepoint) were aerosol infected with 300 CFU Mtb H37Rv using an inhalation exposure system (Glascol). At 2- and 5-weeks post infection, lungs and blood were collected for RNA and CFU determination. Formalin-fixed lung lobes were sectioned and examined microscopically and scored by a veterinary pathologist. Further details are available in the supplementary information.



Statistical Analysis

Statistical analysis was performed using GraphPad Prism v.7.0.3 (GraphPad Software). T-test and Wilcoxon’s test were used to analyze Nanostring data. Mann–Whitney U test and t-test were used to analyze in vitro infection, qPCR, and ELISA data. Data are presented as means ± SEM. Statistically significant differences between two groups are indicated in the figures as follows ns, P > 0.05; *, P < 0.05; **, P < 0.01; ***, P < 0.001; ****, P < 0.0001.



Ethics Statement

The human studies were approved by the Institutional Review Board of Stellenbosch University (N13/05/064 and N13/05/064A) and all study participants signed pre-approved informed consent documents prior to enrolment into the studies. All animal studies were approved by the Animal Ethics Committee of the University of Queensland (MRI-UQ/596/18) and conducted in accordance with the Australian Code for the Care and Use of Animals for Scientific Purposes.




Results


Blood GPR183 mRNA Expression Is Reduced in Patients With TB–T2D Compared to TB Patients Without T2D

Blood was obtained from the study participants with latent TB infection (LTBI, n = 11), latent TB infection with T2D (LTBI + T2D, n = 14), active pulmonary TB disease (TB, n = 9), and active pulmonary TB disease with T2D (TB + T2D, n = 7). Total RNA was extracted and NanoString analyses performed. Among genes differentially expressed between TB and TB + T2D we identified a single GPCR, GPR183. We focused on GPR183 as GPCRs are bona fide drug targets due to their importance in human pathophysiology and their pharmacological tractability.

GPR183 expression was significantly down-regulated at diagnosis (p = 0.03, t-test) in blood from TB + T2D patients compared to TB patients without T2D (Figure 1A). The reduced GPR183 expression was not driven by diabetes per se, as there were no differences in GPR183 expression between LTBI and LTBI + T2D (Figure 1A). After 6 months, at the end of successful TB treatment, we saw GPR183 expression significantly increased (p = 0.0156) in TB + T2D patients to a level comparable to the TB patients without T2D (Figure 1B). Therefore, we speculated that blood GPR183 expression is associated with extent of TB disease, which is frequently more severe in T2D patients. We indeed determined an inverse correlation between GPR183 mRNA expression in the blood and TB disease severity on chest x-ray (Figure 1C).




Figure 1 | GPR183 mRNA expression in patients with active and latent TB infection with or without T2D. Total RNA was isolated from whole blood incubated overnight in QuantiFERON-TB Gold. GPR183 mRNA expression was determined and normalized to reference genes using the NanoString technology. GPR183 expression in whole blood of (A) TB (n = 9) and TB + T2D (n = 7) patients, LTBI (n = 11) and LTBI + T2D (n = 14) patients, Wilcoxon test. (B) TB (n = 9) and TB + T2D (n = 7) patients at baseline and 6 month’s treatment, t-test. (C) Correlation between GPR183 expression and chest x-ray score, TB + T2D patients (n = 7) filled squares, TB patients (n =8) open circles. Data are presented as means ± SEM; not significance (ns) P > 0.05; *P ≤ 0.05; ****P ≤ 0.0001.



In order to identify which cell type is associated with decreased expression of GPR183 in the blood, we performed flow cytometry analysis for GPR183 expression on PBMCs from TB patients with and without T2D. We investigated GPR183 expression on CD4+ and CD8+ T-cells, B cells, dendritic cells, NK cells and monocytes. We found that the only cell type with a significant reduction in GPR183 positivity in TB + T2D vs. TB, both in terms of frequency and median fluorescent intensity, was the non-classical monocyte population (Supplementary Figures 1A, B). The frequencies of GPR183 + non-classical monocytes from LTBI and LTBI + T2D were not significantly different (Supplementary Figure 1C). We therefore next investigated whether GPR183 plays a role in the innate immune response during Mtb infection.



Oxysterol-Induced Activation of GPR183 Reduces Intracellular Mycobacterial Growth

We investigated whether in vitro activation of GPR183 with its endogenous agonist impacts the immune response to mycobacteria in primary human MNs. MNs from 15 healthy donors were infected with BCG (n = 7) or Mtb H37RV (n = 8) (Figure 2) at a MOI of one in the presence or absence of the GPR183 agonist 7α,25-OHC and/or the antagonist GSK682753. Activation of GPR183 by 7α,25-OHC significantly increased the uptake of BCG and Mtb H37RV (Figure 2A) at 2 h p.i. This increase in phagocytosis was abolished by the simultaneous addition of the GPR183 antagonist GSK682753, confirming that increased mycobacterial uptake was the result of GPR183 activation. Interestingly, we observed ~50% reduction in the growth of BCG and Mtb H37RV (Figure 2B) by 48h p.i. in 7α,25-OHC treated cells, and again, this effect was abrogated by GSK682753. The addition of 7α,25-OHC and/or GSK682753 had no detrimental effect on the viability of human THP-1 cells (Supplementary Figure 2A). There was also no effect of 7α,25-OHC and GSK682753 on BCG growth in liquid culture (Supplementary Figure 2B), thus confirming that the significant mycobacterial growth inhibition in MN cultures was attributable to the immune modulatory activity of 7α,25-OHC via GPR183. Independently, we observed that H37Rv down-regulates GPR183 in primary MNs (Supplementary Figure 3).




Figure 2 | Oxysterol-induced activation of GPR183 in primary MNs significantly inhibits intracellular mycobacterial growth, while GPR183 knockdown increases intracellular mycobacterial growth. Primary MNs from eight donors (A) and seven donors (B) were infected with BCG or Mtb H37Rv (MOI 1), ± 7α,25-OHC (100 nM), ± GSK682753 (10 µM). Uptake of (A) BCG and Mtb H37Rv was determined at 2h p.i. Growth of (B) BCG and Mtb H37Rv was determined at 48h post-infection. Percent of mycobacterial growth was calculated as the fold change of CFU at 48h compared to CFU at 2h, normalized to non-treated cells. PMA-differentiated THP-1 cells were transfected with 20 nM of either negative control siRNA or GPR183 siRNA for 48h before infection with BCG (MOI 1). (C) Mycobacterial uptake was determined at 2h and intracellular mycobacterial growth was determined at 48h p.i. (normalized to uptake). Data are presented as means ± SEM; *P ≤ 0.05; **P ≤ 0.01; ***P ≤ 0.001; paired t-test.



To confirm the role of GPR183 in phagocytosis and growth inhibition, we next performed GPR183 siRNA knockdown experiments. Differentiated THP-1 cells were transfected with 20 nM of GPR183-targeting siRNA (siGPR183) or negative control siRNA (siControl). We observed ~80% reduction of GPR183 mRNA level and ~50% reduction of protein expression in cells transfected with siGPR183 when compared to siControl-transfected cells (Supplementary Figures 4A, B) at 48 h. Forty-eight hours after transfection the cells were infected with BCG at a MOI of one. We observed a marked decrease in BCG uptake in cells transfected with siGPR183 (p = 0.0048) compared to siControl-transfected cells and a significant increase in intracellular mycobacterial growth over time (p = 0.0113, Figure 2C).



GPR183 Is a Negative Regulator of the Type I Interferon Pathway in Human MNs

In genome wide association studies GPR183 has been implicated as a negative regulator of the IRF7 driven inflammatory network (25). Therefore, we focused subsequent experiments on type-I IFN regulation. To determine whether GPR183, a constitutively active GPCR (26), has a direct effect on IRFs and IFNB1 expression, we performed knockdown experiments in primary MNs. GPR183 knockdown (Supplementary Figure 4C) up-regulated IFNB1 (2.7–5.5 fold; P = 0.0115) as well as IRF1, IRF3, IRF5, and IRF7, although the latter did not reach statistical significance (Figure 3A).




Figure 3 | GPR183 knockdown increases expression of transcription factors regulating type I interferon responses. (A) Total RNA was isolated from primary MNs following 48 h incubation with 20 nM GPR183 siRNA (or negative control siRNA). Gene expression of IFNB1, IRF1, IRF3, IRF5, IRF7 was measured by qRT-PCR using RPS13 as reference gene. Data are normalized to cells transfected with negative control siRNA. (B) NanoString analyses of RNA isolated from TB and TB + T2D cohort showed similar increase in type I IFN associated genes IRF1, IRF5, IRF7. Data are presented as fold changes ± SEM; *P ≤ 0.05; **P ≤ 0.01; paired t-test.



IRF1, IRF5, and IRF7 transcripts were similarly up-regulated in whole blood from TB + T2D patients compared to TB patients (Figure 3B), consistent with the downregulation of GPR183 mRNA expression (Figure 1). IRF3 expression was not significantly different between TB and TB + T2D patients (data not shown).



GPR183 Activation Induces a Cytokine Profile Favoring Mtb Control

Next, we investigated whether the reduced intracellular mycobacterial growth observed in primary MNs treated with 7α,25-OHC was associated with a change in MN secreted cytokines. Gene expression of IFNB1, TNF, and IL-10 was measured 24 h following infection with Mtb H37RV at MOI of one (Figure 4A). The concentrations of the corresponding cytokines were measured in cell culture supernatant by ELISA (Figure 4B). Mtb infection significantly up-regulated the expression of IFNB1 (P = 0.0068), TNF (P = 0.0001), IL-10 (P < 0.0001) (Figure 4A), and IL-1B (Supplementary Figure 5A). 7α,25-OHC significantly down-regulated Mtb-induced IFNB1 expression (P = 0.0017), while it did not affect TNF, IL-10 or IL-1B expression. At the protein level, the concentrations of IFN-β and IL-10, but not TNF-α (P < 0.0001 and P = 0.0090, respectively, Figure 4B) nor IL-1β (Supplementary Figure 5B) were significantly lower in the culture supernatant of 7α,25-OHC-treated Mtb-infected primary MNs compared to untreated infected cells.




Figure 4 | Activation of GPR183 leads to cytokine production favoring Mtb control. Primary MN from healthy donors (n = 8) were infected for 2 h with Mtb H37Rv (MOI 10:1), 7a,25-OHC (100 nM), and/or GSK682753 (10 μM). Cells were washed and left with drugs for a further 22 h. Changes in the expression of (A) IFNB1, TNF, and IL10 were measured by qPCR and normalized to untreated infected cells. Concentrations of (B) IFN-b, TNF-a, and IL-10 in the culture supernatant were measured by ELISA. Data are presented as mean fold change ± SEM or min to max for box plots; *P ≤ 0.05; **P ≤ 0.01; ***P ≤ 0.001; ****P ≤ 0.0001; paired t-test.





The Oxysterol 7α,25-OHC Induces Autophagy

We aimed to identify whether 7α,25-OHC impacts the production of reactive oxygen species (ROS) and the autophagy pathway. ROS production in BCG-infected primary MNs was not affected by 7α,25-OHC (Supplementary Figure 6); however, we observed an increase in accumulation of the autophagosome marker LC3B-II in BCG-infected THP-1 cells treated with 7α,25-OHC (P = 0.0119, Figure 5A). We next performed the experiments in the absence and presence of the lysosomal inhibitor chloroquine in order to determine autophagic flux. Autophagic flux in BCG-infected cells was significantly increased with 7α,25-OHC treatment (P = 0.0069, Figure 5B). The simultaneous addition of the GPR183 antagonist GSK682753 with 7α,25-HC, decreased the levels of LC3B-II and autophagic flux; however, this did not reach statistical significance.




Figure 5 | Treatment with 7α,25-OHC induces autophagy. PMA-differentiated THP-1 cells were infected/uninfected and co-incubated with ±7α,25-OHC, ±GSK682753, for 2 h. Extracellular BCG was removed, and cells were incubated for a further 4 h or 22 h in RPMI medium containing drugs. (A) Cells were lysed at 6 h or 24 h (Flux) p.i. (B) The band intensity was then normalized to the reference protein, GAPDH and further normalized to the BCG. Autophagic flux was obtained by subtracting chloroquine positive values with chloroquine negative values. (C) Cells were visualized using the Olympus FV 3000 confocal microscope. At least 30 cells were counted for every condition. Data are presented as ± SEM; ns, P > 0.05; *P ≤ 0.05; **P ≤ 0.01; unpaired t-test.



We next confirmed the induction of autophagy via microscopy. The number of LC3B-II puncta per cell increased in 7α,25-OHC stimulated BCG-infected THP-1 cells compared to the untreated BCG-infected cells (P = 0.0358, Figure 5C). The 7α,25-OHC effect could be reduced by antagonist GSK682753 (P = 0.0196).



GPR183 KO Mice Have Higher Bacterial Burden During the Early Stage of Infection

To confirm the effect of the GPR183 receptor in vivo, we infected WT and GPR183 KO mice with aerosolized Mtb. At 2 weeks p.i., GPR183 KO mice showed significantly increased mycobacterial burden in the lungs compared to WT mice (P = 0.0084, Figure 6A), while the bacterial burden was comparable at 5 weeks p.i. (Supplementary Figure 7). GPR183 KO mice also had higher lung pathology scores although this did not reach significance (Figure 6B). GPR183 KO mice had significantly increased Ifnb1 expression in the lungs (P = 0.0256; Figure 6C), along with increased Irf3 (P = 0.0159); however, Irf5 (Supplementary Figure 8) and Irf7 (Figure 6C) remained unchanged. Irf7 transcription was increased in the blood from GPR183 KO compared to WT mice (P = 0.0513; Figure 6D), but Ifnb1, Irf3 and Irf5 expression was not different (Figure 6D, Supplementary Figure 6). At the RNA level Tnf, Ifng, and Il1b were not significantly different between GPR183 KO and WT mice (Figure 7A). Unexpectedly, at the protein level, the concentrations of IFN-β (P = 0.0232) and IFN-γ (P = 0.0232) were significantly lower in GPR183 KO mice lung, while TNF-α (P = 0.7394) and IL-1β (P = 0.0753) were not statistically different (Figure 7B).




Figure 6 | GPR183KO mice have higher lung CFU, corresponding with increased expression of transcription factors regulating type I interferon responses. Mice were infected with 300 CFU of aerosol Mtb H37Rv. (A) Bacterial lung burden 2 weeks p.i. (B) Total histology lung score. RNA was isolated from Mtb-infected lung and blood samples 2 weeks p.i. (C) Gene expression of Ifnb1, Irf3, and Irf7 in the lungs, (D) Ifnb1, Irf3, and Irf7 in the blood, was measured by qRT-PCR using Hprt1 as reference gene. Data are presented as ± SEM; ns, P > 0.05; *P ≤ 0.05; **P ≤ 0.01.






Figure 7 | Pro-inflammatory cytokine expression at 2 weeks p.i. of Mtb H37Rv-infected mice. Mice were infected with 300 CFU of aerosol Mtb H37Rv. (A) Gene expression of Ifng, Il1b, and Tnf in the lungs. (B) Concentrations of IFN-β, IFN-γ, IL-1β and TNF-α in the culture supernatant were measured by ELISA. Data are presented as ± SEM; ns, P > 0.05; *P ≤ 0.01.






Discussion

Historically oxidized cholesterols, so called oxysterols, were considered by-products that increase polarity of cholesterol to facilitate its elimination. However, they have recently emerged as important lipid mediators that control a range of physiological processes including metabolism, immunity, and steroid hormone synthesis (27).

Our findings define a novel role for GPR183 in regulating the host immune response during Mtb infection (summarized in Figure 8). We initially identified GPR183 through a blood transcriptomic screen in TB and TB + T2D patients and found an inverse correlation between GPR183 expression and TB disease severity on chest x-ray. Although we demonstrate that the decrease in blood GPR183 in TB + T2D patients is likely due, in part, to a decreased frequency of non-classical monocytes expressing GPR183, we cannot rule out that reduced GPR183 expression in whole blood is partially attributable to neutrophils and eosinophils as preferential loss of neutrophils and eosinophils occurs upon PBMC isolation. In our study the TB patients with T2D had more severe TB compared to those without T2D; therefore we cannot ascertain whether lower GPR183 expression is linked to TB + T2D comorbidity or TB disease severity.




Figure 8 | Schematic summary of the role of GPR183 in Mtb-infected human monocytes.



We demonstrate that activation of GPR183 by 7α,25-OHC in primary human MNs during Mtb infection results in significantly better control of intracellular Mtb growth. This is in contrast to a recently published study showing increased Mtb growth with 7α,25-OHC when added post-infection in murine RAW264.7 cells (28). The discrepancies between the studies could also be attributed to the different cell types and infection dose, which was 25 times higher in the aforementioned study. Consistent with the findings of Tang et al. (28) in murine cells we show that mycobacterial infection down-regulates GPR183 in human MNs, which may be an immune-evasion strategy specific to mycobacteria since LPS, a constituent of Gram-negative bacteria, upregulates GPR183 (15). Whether the observed increase in phagocytosis in the presence of 7α,25-OHC is a non-specific effect driven by internalization of agonist bound GPR183 and non-specific uptake of bacteria or an increase in pattern recognition receptors remains to be elucidated.

We further demonstrate that GPR183 activation by 7α,25-OHC reduces IFN-β expression and secretion in Mtb-infected primary MNs and targeted GPR183 knockdown significantly upregulating IRFs and IFNB1. Similarly, gene expression of IRF1, IRF5, and IRF7 is up-regulated in TB + T2D patients compared to TB patients and corresponds with down-regulation of GPR183, thereby demonstrating that GPR183 expression is associated with IFN regulatory factors during human TB, and GPR183 is a negative regulator of type I IFNs in Mtb-infected human MNs.

There is mounting evidence that the production of type-I IFNs is detrimental during Mtb infection (29, 30). Up-regulation of type-I IFN blood transcript signatures occurs in TB disease and correlates with disease severity (31). In macrophages, Mtb induces up-regulation of IFNB1 expression as early as 4 h p.i. to limit IL-1β production, a critical mediator in the host defense against Mtb (32). Although 7α,25-OHC significantly reduced IFNB1 mRNA, we did not observe an increase in IL1B mRNA, suggesting that the GPR183-mediated regulation of type-I IFN does not influence IL1B expression. In addition to GPR183 mediated reduction in IFN-β, we observed a decrease in IL-10 in Mtb-infected primary MNs treated with 7α,25-OHC. IL-10 production is induced by type-I IFN signaling (33, 34) and promotes Mtb growth (35) by reducing the bioavailability of TNF-α through the release of soluble TNF receptors and preventing the maturation of Mtb-containing phagosomes (35–38). Collectively, we show that GPR183 is a negative regulator of type-I IFNs in primary MNs, and agonist induced activation of GPR183 reduces Mtb-induced IFN-β production, while leaving expression of cytokines important for Mtb control unchanged.

Further confirming the role of GPR183, GPR183 KO mice infected with Mtb had significantly higher bacterial burden in the lung compared to WT mice 2 weeks p.i. (prior to initiation of the adaptive immune response to Mtb) with this effect disappearing at 5 weeks p.i., when T cell responses against Mtb are fully established. Our results thus strengthen the contention that GPR183 plays an important role in the innate immune control of Mtb irrespective of hyperglycemia. We confirmed the importance GPR183 in regulating type-I interferons during Mtb infection in vivo. GPR183 KO mice infected with Mtb had significantly increased lung Ifnb1 and Irf3 mRNA. Unexpectedly, IFN-β and IFN-γ secretions were both significantly downregulated in the lung. These differences between mRNA and protein levels may be due to kinetic parameters of transcription versus translation or mRNA stability versus protein consumption.

Furthermore, we demonstrate that the GPR183 agonist 7α,25-OHC promotes autophagy in macrophages infected with mycobacteria. Autophagy is a cellular process facilitating the elimination of intracellular pathogens including Mtb (39). Antimicrobial autophagy was shown to be inhibited by Mycobacterium leprae through upregulation of IFN-β and autocrine IFNAR activation which in turn increased expression of the autophagy blocker OASL (2′-5′-oligoadenylate synthetase like) (40). Whether there is a link between the 7α,25-OHC-induced reduction of IFN-β production and the increase in autophagy remains to be investigated in future studies.

Several autophagy promoting re-purposed drugs including metformin are currently being assessed as HDTs for TB (41). We propose that GPR183 is a potential target for TB HDT, warranting the development of specific, metabolically stable small-molecule agonists for this receptor to ultimately improve TB treatment outcomes in TB patients with and without T2D co-morbidity.
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Extrapulmonary TB (EPTB) occurs with increased frequency in persons with underlying immunodeficiency. Even after recovery from acute illness, differences in immune phenotype and activation persist. Studies defining characteristics of immune responses after recovery from extrapulmonary TB may provide insights into factors that increase TB risk. We performed two case-control studies (in the United States and Brazil) among HIV-seronegative adults with previous EPTB (n = 9; 25), previous pulmonary TB (n = 7; 25), latent M. tuberculosis (Mtb) infection (n = 11; 25), and uninfected TB contacts (n = 10; 25). We assessed the frequency of dual CD4+ interferon-γ and tumor necrosis factor-α responses after stimulation with overlapping Mtb peptides from ESAT-6 or CFP-10, or gamma-irradiated Mtb H37Rv, proliferative responses to Mtb antigens, T-regulatory cell (Treg) frequency and phenotype. In both study populations, individuals with prior EPTB had the highest frequency of intracellular cytokine-producing cells in response to Mtb antigens (p < 0.05; p <.0001). Persons with prior EPTB in Brazil had the highest levels of CD4 proliferation to Mtb antigens (p < 0.0001), and the highest expression of CD39 on Tregs (p < 0.0001). Individuals with treated EPTB maintained high frequencies of Mtb-specific memory responses and active Treg cells, suggesting that susceptibility to EPTB occurs despite the ability to develop and maintain enhanced adaptive immune responses.
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Introduction

The global burden of tuberculosis (TB) is enormous, with an estimated one-quarter of the world’s population (approximately 2 billion people) infected with M. tuberculosis (Mtb) and 10 million new cases of TB each year (1). According to the World Health Organization, Mtb is among the leading causes of death due to an infection, causing approximately 1.4 million deaths in 2019 (2).

The immune response to Mtb involves monocytes, macrophages and T-lymphocytes that produce cytokines such as IFN-γ, TNF-α, IL-12, and CXCL8 (IL-8) (3, 4). Over 80% of tuberculosis (TB) disease in low TB incidence settings is due to reactivation of latent Mtb infection (5) yet only 5–10% of persons with latent TB infection (LTBI) progress to TB disease (6–8). The transition from LTBI to active disease could be due to a breakdown in host immune surveillance, a change in the mycobacteria from a dormant to an active state, or a combination of both. There is likely a spectrum of disease activity that includes incipient and sub-clinical disease, in addition to latent/quiescent and active (symptomatic) TB (9). Discovery of factors that predispose to active disease will help identify individuals with LTBI at increased risk for progression to TB so that effective preventive measures can be initiated. Conversely, such information may also help identify protective immune responses that could be induced by TB vaccines.

Extrapulmonary TB (EPTB) is commonly associated with underlying immune defects. Persons with HIV (PWH) are at increased risk of EPTB and this risk increases as the CD4+ T-lymphocyte count declines (10). Young children also have an increased incidence of EPTB, specifically TB meningitis, presumably due to immature immune responses (11). We have previously noted reduced peripheral blood mononuclear cell (PBMC) cytokine production and CD4+ T-lymphocytes in HIV-seronegative adults with previous EPTB compared to persons with previous pulmonary TB or LTBI (12).We also found that persons with previous EPTB had increased T-regulatory (Treg) cell frequency and CD4+ lymphocyte activation, indicating possible immune dysregulation (13).

Active TB disease is associated with increased generalized immune activation, and infiltration of activated T-cells and Tregs at the site of disease (14–19). A sub-population of Tregs (defined as CD4+CD25highFOXP3+) expresses CD39, a surface ectonucleotidase which metabolizes pro-inflammatory extracellular ATP (20). These “active Tregs” exhibit robust and stable suppression of immune function (21). Individuals with active TB have higher frequencies of Treg-expressing CD39 after in vitro stimulation with Mtb antigens, and depletion of these cells enhances cytokine secretion in response to Mtb antigens (22, 23). These observations have led to a model whereby secretion of immunomodulatory cytokines such as IL-10 by Tregs impairs Mtb-specific CD4+ and CD8+ T-cell activation and proliferation (24). Studies of Treg frequency during Mtb infection have been limited to individuals with active disease. While it is plausible that expansion of these cells may limit immune responses, and potentially play a role in TB pathogenesis, it is unknown whether high frequencies of Tregs at the time of initial Mtb infection predisposes individuals to develop active TB disease.

The goal of this study was to determine whether features of immune responses could differentiate individuals with LTBI from those with prior treated TB disease. We compared the frequencies of cytokine-producing T-cells and proliferation responses of T-cells stimulated with Mtb peptides (ESAT-6 and CFP10) and gamma-irradiated Mtb in persons with previous extrapulmonary or pulmonary TB disease, LTBI and uninfected individuals who had been exposed to TB. We also measured surface expression of CD39 on Tregs as a possible marker of regulatory function. Two case-control studies were performed—one in the United States and one in Brazil. The correlates of protection from active disease are unknown, but analysis of immune parameters among persons who have recovered from acute illness could provide clues into factors that increase TB risk.



Methods


Design of the Case-Control Studies

For both case-control studies, cases were defined as persons with previously treated extrapulmonary TB. There were three sets of controls: 1) persons with previously treated pulmonary TB, 2) persons with LTBI (defined as a tuberculin skin test (TST) >5 mm induration or positive interferon gamma release assay (IGRA); regardless of whether they had previously been treated), and 3) persons who had been exposed to culture-positive pulmonary TB but were not infected (i.e., TST <5 mm induration or negative IGRA). Persons with both pulmonary and extrapulmonary TB were considered extrapulmonary for the purposes of analysis, given the presence of disseminated disease. Inclusion criteria consisted of: age ≥18 years at time of diagnosis of TB disease or infection; HIV-seronegative; culture-confirmed disease and either near completion (within one month) or after completion of therapy (for extrapulmonary TB cases and pulmonary TB controls). We did not require persons to complete therapy for LTBI to be enrolled because such persons are asymptomatic and latent Mtb infection is unlikely to alter systemic cytokine production, unlike active TB disease. Only contacts of culture-positive pulmonary TB cases were included as controls—both those with and without evidence of Mtb infection. Contacts of culture-positive pulmonary TB cases were tested for LTBI at the beginning of the contact investigation and 8–12 weeks later if the initial test was negative (25). Exclusion criteria consisted of: serum creatinine >2 mg/dL; use of corticosteroids or other immunosuppressive agents at the time of diagnosis or study entry; malignancy; and diabetes mellitus. HIV-positive persons were excluded because of the known increased risk of extrapulmonary TB associated with HIV/AIDS (10, 26, 27). Pleural TB has exaggerated (not diminished) local cell-mediated immune responses (28) Although it is unclear whether this affects the systemic immune response, we excluded persons with previous pleural TB because they may exhibit a unique immunopathogenesis compared with the other forms of extrapulmonary (disseminated) TB.

In the U.S. study population, all cases and controls were enrolled from Tennessee. Extrapulmonary TB cases and pulmonary TB controls were identified by review of the Tennessee Department of Health TB registry. Ongoing contact investigations at local and regional TB clinics were reviewed to identify patients in the remaining control groups. Demographic and clinical characteristics were collected from the patient or the Tennessee TB registry.



United States Study: Sample Preparation

Peripheral blood mononuclear cells (PBMC) were isolated under sterile conditions by Ficoll-Paque (GE Healthcare Bio-Science) density gradient centrifugation and cryopreserved in 90% of fetal bovine serum (FBS) (GemCell-Gemini Bioproducts) and 10% DMSO (Dimethyl sulfoxide) (29). Blood samples were submitted to a commercial laboratory for HIV serology and complete blood counts.



In Vitro Stimulation of PBMC for Intracellular Cytokine Staining

Peripheral blood mononuclear cells (PBMCs) from each subject were thawed, and cultured at 10 x106 cells/ml in 48-well plates (2 x 106 cells/well) in R10 medium (RPMI 1640 containing 10% heat inactivated FCS, 2 mM L-glutamine, 50 µg/ml penicillin, 50 µg/ml streptomycin, and 10mM Hepes) and co-stimulated with anti-CD28 (1µg/ml, BD Biosciences) and anti-CD49d (1µg/ml, BD). Cells were stimulated with overlapping M. tuberculosis peptides from the ESAT-6 or CFP-10 proteins (BEI Resources) (2 µg/ml), or gamma-irradiated h37RV (10 µg/ml) (BEI Resources). As a negative control, PBMCs were incubated with media alone and as a positive control with Staphylococcal Enterotoxin B (SEB) (1 µg/ml, Sigma). One hour after stimulation, brefeldin was added; after overnight incubation, PBMCs were recovered, washed, and stained with the appropriate antibodies. Cytometry was performed (BD LSRFortessa) at the Vanderbilt University Medical Center Flow Cytometry Shared Resource and analyzed using FlowJo v10.0.8 (Tree Star).



Flow Cytometry Antibody Panels

Antibodies for intracellular cytokine staining included: anti-CD3-AF700, CD4-PcPCy5.5, CD8-PECF594, IFNg-FITC, CD14-V500, CD19-V500, TNFα-APC, CD38-PECy7, HLADR-BV605 (BD Biosciences); PD-1-PE, IL-2-BV421 (BioLegend); Live-Dead-AquaViD (LifeTechnologies).

The T regulatory cell/activation panel included: anti-CD3-AF700, CD25-PE, HLA-DR-FITC (BD); CD4-PETxR, CD8-APC AF750, Live-Dead-AquaViD (LifeTechnologies); CD39-PECy7, FOXP3-APC (eBioscience); CD127- PE Cy5.5 (Beckman Coulter); CD38- BV421 (BioLegend).



Cell Proliferation Assay

PBMC were thawed, washed with PBS, and labeled with CellTrace Violet (Life Technologies) at a final concentration of 5 µM. Cells (2 x 106 cells per condition) were incubated with Media, SEB 1 µg/ml, gamma-irradiated h37rv (10 µg/ml), ESAT-6 peptide pool (2 µg/ml per peptide), CFP-10 peptide pool (2 µg/ml per peptide). IL-2 at a final concentration of 1 U/ml was added at day 3. On day 6 cells were washed, and stained with anti –CD3, -CD4, -CD8, -CD14/CD19 (dump channel), and the % of CellTrace Violet low cells was measured.



The Brazilian Case-Control Study

In the Brazilian study population, cryopreserved PBMC samples and corresponding clinical and epidemiological data were obtained from participants enrolled in a translational study performed at the Instituto Brasileiro para Investigação da Tuberculose (IBIT) and at the Hospital Especializado Octavio Mangabeira (HEOM), Salvador, Bahia, northeast Brazil, between December 2015 and January 2018 (30). All persons with extrapulmonary TB had lymphatic disease.

The parent study was focused on characterization of inflammatory markers in different clinical forms of TB and recruited 1,792 individuals with presumptive TB at the referral primary care clinics. Participants underwent clinical assessments and chest x-ray examination. In addition, acid-fast bacilli (AFB) screening in sputum smears (by microscopy) and sputum cultures (Lowenstein–Jensen solid cultures) was performed in all patients. The patients with active TB were treated following the Brazilian National Guidelines (31). The parent study collected 10 ml of venous blood in sodium heparin tubes for isolation of PBMCs from a subset of participants who consented to blood collection. Blood collection occurred prior to initiation of anti-TB therapy (baseline), at month 2 and month 6 of treatment, and at month 18 after enrollment. Cells were cryopreserved in liquid nitrogen at the biorepository of the Laboratory of Inflammation and Biomarkers, Fundação Oswaldo Cruz, Salvador, Brazil.

The parent study also included participants who were asymptomatic contacts of pulmonary TB index cases. All TB contacts were actively screened for TB through clinical, radiologic, and microbiologic investigation (32). At the time of study enrollment, individuals not living with HIV who tested positive for QuantiFERON TB Gold-in-Tube (QFT) enzyme-linked immunosorbent assay (Qiagen) and also exhibited a positive tuberculin skin test (TST) result (> 5 mm) were considered to have latent TB infection (LTBI), and individuals who were QFT-negative and had negative TST result (< 5 mm) were considered uninfected controls (30).

The present investigation was a sub-study focused on characterization of T-cell responses at month 18 after enrollment (approximately 1 year after patients achieved microbiologic cure) in patients with drug-sensitive PTB or EPTB. We selected individuals with confirmed pulmonary or extrapulmonary TB, matching by age (± 5 years) and sex, as well as for controls with or without LTBI. Samples from TB patients >18 years old, HIV-negative, and no treatment failure, abandonment or relapse were included in the study. The exclusion criteria were the same used for the sub-study performed in USA.



Flow Cytometry in the Brazilian Study

Cryopreserved PBMCs were thawed and resuspended in 1640 Roswell Park Memorial Institute medium supplemented with 10% fetal bovine serum at 106 cells per well in 96-well plates and rested for 2 h at 37°C in 5% CO2. Cells were washed and resuspended in complete media with Brefeldin-A (Biolegend, San Diego, CA) and Monensin (Biolegend, San Diego, CA) to block cytokine secretion and stimulated with ESAT-6 and CFP-10 peptide pools (10 μg/ml) or irradiated H37Rv strain of M. tuberculosis (MOI: 5) (all from BEI Resources) overnight at 37°C in 5% CO2. Cells were then stained for cell surface markers with the following panel of antibodies: CD3 (clone OKT3), CD4 (clone RPA-T4), CD8 (clone OKT8), CD127 (clone eBioRDR5), CD25 (clone PC61.5), CD39 (clone eBioA1), and PD1 (clone J43), all from ThermoFisher. Cells were then fixed and permeabilized using the Foxp3 Fixation and Permeabilization Buffer (eBioscience). Intracellular staining was performed to detect IFN-γ (clone 4S.B3), TNF-α (clone Mab11), and all from ThermoFisher. In parallel experiments, we performed cell proliferation assay using the CellTrace Violet Cell Proliferation Kit (ThermoFisher) following the manufacturer’s protocol. Acquisition of stained cells was performed using a BD LSRFortessa cell analyzer (BD Bioscience, San Jose, CA) and analyzed using FlowJo software (BD Bioscience, San Jose, CA).



Statistical Analysis

In the U.S. study population, a convenience sample of available specimens from a previous study was used (33). In the Brazil study population, sample size was determined based on power of 80% (alpha error, 5%) to detect differences in median frequencies of T-cell subsets >2.5% between EPTB cases and TST negative controls, based on a previous study from our group (30).

Categorical variables were compared using the Pearson’s chi-square test. Distributions of continuous variables were compared using the rank-sum and Kruskal-Wallis tests with Dunn’s multiple comparisons ad hoc test. The chi-square test for trend was used to evaluate the fraction of responders across groups. Two-sided p values of <0.05 were considered statistically significant. Statistical analyses were performed using Graphpad Prism 8.0 (GraphPad Software, San Diego, CA).




Results

In the U.S. study population, there were 10 controls without LTBI, 11 controls with LTBI, 7 pulmonary TB controls, and 9 extrapulmonary TB cases. In the Brazilian study population, there were 25 participants in each of the four patient groups. The clinical and demographic characteristics of the study populations are in Tables 1 and 2. In both study populations, cases and controls were similar according to age, sex, tobacco use, and alcohol use. In the U.S. study population, participants with LTBI were more likely to be of black race, and persons with extrapulmonary TB were more likely to be born outside of the United States. Both extrapulmonary TB cases and pulmonary TB controls were evaluated a median of at least one year after TB treatment completion.


Table 1 | Clinical and demographic characteristics of the study population in the United States (Tennessee).




Table 2 | Clinical and demographic characteristics of the study population in Brazil (Bahia).




Individuals With Prior Extrapulmonary TB Had the Highest Level of Intracellular Cytokine Responses to M. tuberculosis Antigens

We evaluated cytokine responses to overlapping peptides from the ESAT-6 and CFP-10 proteins as well as whole lysate of inactivated (gamma-irradiated) Mtb (gRV) (Figure 1). In the U.S. study population in response to the CFP10 peptide pool, the median frequency of interferon (IFN)-γ and TNF-α producing cells tended to be highest among those with prior EPTB (P = >0.05; Kruskal-Wallis) (Figure 1A). Compared to controls without LTBI, persons with prior EPTB had the highest magnitude response (P = 0.02; Dunn’s posttest). In the Brazilian study population in response to CFP10 and ESAT6, persons with prior EPTB had the highest IFN-γ and TNF-α producing cells (P < 0.001; Kruskal-Wallis) (Figure 1B). Similar trends of higher responses in persons with prior EPTB was observed in response to inactivated Mtb organisms, in both study populations (Figures 1C, D).




Figure 1 | CD4+ T-cell intracellular cytokine responses to M. tuberculosis antigens. Scatter plots depicting the expression of intracellular cytokine by CD4+ T-lymphocytes from TB patients with PTB or EPTP presentation and controls (TST+ and TST-). Frequencies of IFN-γ+TNF-α+CD4+ T cells from whole blood obtained and compared according to the stimulation. (A, B) Frequencies of IFN-γ+TNF-α+CD4+ T cells responses to stimulation with a pool of CFP-10 peptides (A; U.S. study population) or CFP-10 and ESAT-6 (B; Brazilian study population). (C, D) Frequencies of IFN-γ+TNF-α+CD4+ T cells responses after incubation of PBMC with gRV (C; U.S. study population) (D; Brazilian study population). Background has been subtracted out. Lines represent median values and interquartile ranges (IQR). The differences in median values (and IQR) between groups were compared using the Kruskal-Wallis test with Dunn’s multiple comparisons post-test. TB, tuberculosis; PTB, pulmonary tuberculosis; EPTB, extrapulmonary tuberculosis; TST, tuberculin skin test.





Individuals With Prior Extrapulmonary TB Had High Levels of CD4+ Proliferation in Response to M. tuberculosis Antigens

In Brazil, persons with prior EPTB had the highest levels of CD4 proliferation to M. tuberculosis antigens (P < 0.0001) (Figure 2). Although not seen to the same extent in the U.S. population, among persons with prior EPTB there were 3 outliers with high levels of CD4 proliferation.




Figure 2 | Proliferative responses to M. tuberculosis antigens. Briefly, PBMC were incubated with M. tuberculosis antigens for 6 days. Proliferating cells were identified as Celltrace violet low. (A, B) Celltrace low expression in CD4+ T-cells stimulated with CFP-10 pool or CFP-10 pool and ESAT-6 (A) U.S. study population. (B) Brazilian study population. (C, D) Celltrace low expression in CD4+ T-cells stimulated with gRV. Lines represent median values and interquartile ranges (IQR). The differences in median values (and IQR) between groups were compared using the Kruskal-Wallis test with Dunn’s multiple comparisons post-test. TB, tuberculosis; PTB, pulmonary tuberculosis; EPTB, extrapulmonary tuberculosis; TST, tuberculin skin test; CFP, Culture filtrate protein; ESAT, early secretory antigen of tuberculosis; gRV, γ-irradiated M. tuberculosis.





T Regulatory Cell Frequency Phenotype Among Individuals

We measured both Treg cell frequency and expression of the CD39 marker on Treg and non-Treg CD4+ T cells in these individuals (Figure 3). In the U.S. population we found no significant differences in Treg frequencies across groups (p > 0.05; Kruskal-Wallis; Figure 3A). While the individuals with the highest expression of CD39 were in the EPTB group, the median expression was not statistically significant across groups (Figure 3C). We also measured PD-1 expression and saw no trend across groups (data not shown).




Figure 3 | T-regulatory cell frequency and phenotype. Scatter plots depicting the Treg frequency (A) in U.S. study population (B) in Brazilian study population. Frequency of Treg CD39+ (C) in U.S. study population (D) in Brazilian study population. Lines represent median values and interquartile ranges (IQR). The differences in median values (and IQR) between groups were compared using the Kruskal-Wallis test with Dunn’s multiple comparisons post-test. TB, tuberculosis; PTB, pulmonary tuberculosis; EPTB, extrapulmonary tuberculosis; TST, tuberculin skin test; CFP, Culture filtrate protein; ESAT, early secretory antigen of tuberculosis; gRV, γ-irradiated M. tuberculosis.



In the Brazil study population, Treg CD39 expression was the lowest in the LTBI group, and highest in the EPTB group overall (p < 0.0001; Kruskal-Wallis; Figure 3D). Indeed, Treg CD39 expression among persons with LTBI was lower than that in the no LTBI (p = 0.0003); PTB (p = 0.0001) and EPTB groups (p = 0.0001) after adjustment for multiple comparisons. Although PTB had lower than EPTB Treg CD39 expression, this was not statistically significant (p > 0.05).




Discussion

We sought to determine whether functional differences in immune responses were present among individuals after successful treatment of pulmonary or extrapulmonary TB. Most studies describing immune function in the setting of differing manifestations of TB have compared individuals with active disease to individuals with LTBI (34, 35). Chronic infection is associated with changes in immune function due to chronic activation and subsequent immune exhaustion (23). In a prior study, we found that even several months to years after clearance of TB disease, individuals with prior extrapulmonary TB had persistently elevated immune activation and increased frequencies of circulating Treg cells (13). Here, we extended this analysis to evaluate the frequencies of Mtb-reactive T cells and perform a more detailed phenotypic analysis of circulating Treg cells.

We found levels of Mtb-reactive responses to be highest in persons with previous EPTB. This finding was consistent in both the U.S. and Brazilian study populations. These cells were polyfunctional, as they were able to secrete IFN-γ and TNF-α. Our findings contrast with Scriba et. al, who found lower frequencies of Mtb-reactive cells in individuals with self-reported previously treated TB disease (36). This may be because we included a group with confirmed prior extrapulmonary TB, while in the other study the location of TB disease was not specified. Future studies to evaluate the immune factors associated with control of M. tuberculosis infection should specifically study the extent of active disease.

In our prior work, we found increased levels of immune activation and Treg frequency in individuals with prior extrapulmonary TB. In this smaller North American cohort, we found a similar trend toward higher frequencies of Treg cells in individuals with prior EPTB. CD39 expression is associated with active T regulatory cells and has been shown to be elevated during active TB disease (23). In the U.S. cohort we found no difference in median CD39 expression across the four study groups, but individuals with prior EPTB had the highest level of CD39 expression on Treg cells. In the larger Brazilian cohort, we found the same pattern, but demonstrated differences among groups with a high level of statistical significance. This suggests that a high frequency of circulating active Tregs is an immunological feature of individuals with successfully treated TB.

One hypothesis to explain increased susceptibility to EPTB would be some degree of immune deficiency. Individuals with HIV infection have a higher incidence of active TB disease, and a higher incidence of extrapulmonary disease (37), suggesting that a lack of pathogen-specific CD4+ T-cell responses may lead to more severe disease manifestations. Scriba et al. recently published data suggesting lower overall frequencies of Mtb-reactive T-cell responses in individuals with previously treated TB compared to individuals with LTBI, and these differing responses were dependent on the epitopes recognized (36). The cytokine profile of responding cells may be important for immune control. Arleham et al. found that individuals with a higher proportion of Mtb-reactive CD4+ T-cells with a TH1/TH17 cytokine profile were less likely to progress to active disease (38), and this population of cells appears to be preferentially depleted in the setting of HIV infection (39). However, the population of TH1/TH17 cells is still a small proportion of Mtb-reactive cells in these individuals, so it remains to be determined whether these cells are specifically responsible for immune control of LTBI.

The biggest limitation of our study was the small sample size. However, demonstration of similar results in two independent study populations decreased this concern. We measured systemic immune responses since they are likely to be a critical determinant of the extent and severity of disease. We measured immune responses specific to Mtb and did not assess responses to other microbial pathogens. However, immune responses to Mtb are likely most pertinent in TB pathogenesis. In addition, Th17 cells were not evaluated. Studies delineating immune cell sub-types could provide more insights into the pathogenesis of extrapulmonary TB. This could also provide insights into possible links between chronic inflammation and other immune-mediated diseases.

Despite our partial understanding of risk factors associated with progression from LTBI to active TB disease, it is unclear which immune responses are responsible for continued control of LTBI in the majority of infected individuals. Here we demonstrated that individuals with treated EPTB maintain higher frequencies of Mtb-reactive CD4+ memory T-cells compared with individuals with prior pulmonary disease or LTBI. These cells are “polyfunctional” with regard to their ability to generate IFN-γ and TNF-α in response to Mtb antigens. Consistent with our prior work, we found trends toward these individuals having higher frequencies of Tregs (13) as well higher Treg expression of CD39. It remains to be determined whether higher frequencies of Tregs or Treg CD39 expression was a feature of these individuals prior to active TB disease, and therefore increased their risk of developing EPTB. A goal of future longitudinal studies will be to identify individuals with LTBI prior to the development of active TB disease to determine whether there are immune signatures predictive of continued control of LTBI or that identify individuals at risk for disseminated disease.
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Background

Recent studies in adults have characterized differences in systemic inflammation between adults with and without latent tuberculosis infection (LTBI+ vs. LTBI−). Potential differences in systemic inflammation by LTBI status has not been assess in pregnant women.



Methods

We conducted a cohort study of 155 LTBI+ and 65 LTBI− pregnant women, stratified by HIV status, attending an antenatal clinic in Pune, India. LTBI status was assessed by interferon gamma release assay. Plasma was used to measure systemic inflammation markers using immunoassays: IFNβ, CRP, AGP, I-FABP, IFNγ, IL-1β, soluble CD14 (sCD14), sCD163, TNF, IL-6, IL-17a and IL-13. Linear regression models were fit to test the association of LTBI status with each inflammation marker. We also conducted an exploratory analysis using logistic regression to test the association of inflammatory markers with TB progression.



Results

Study population was a median age of 23 (Interquartile range: 21–27), 28% undernourished (mid-upper arm circumference (MUAC) <23 cm), 12% were vegetarian, 10% with gestational diabetes and 32% with HIV. In multivariable models, LTBI+ women had significantly lower levels of third trimester AGP, IL1β, sCD163, IL-6 and IL-17a. Interestingly, in exploratory analysis, LTBI+ TB progressors had significantly higher levels of IL1β, IL-6 and IL-13 in multivariable models compared to LTBI+ non-progressors.



Conclusions

Our data shows a distinct systemic immune profile in LTBI+ pregnant women compared to LTBI− women. Data from our exploratory analysis suggest that LTBI+ TB progressors do not have this immune profile, suggesting negative association of this profile with TB progression. If other studies confirm these differences by LTBI status and show a causal relationship with TB progression, this immune profile could identify subsets of LTBI+ pregnant women at high risk for TB progression and who can be targeted for preventative therapy.





Keywords: latent tuberculosis infection, tuberculosis disease, inflammation, pregnancy, cytokines, LTBI, TB



Introduction

Active tuberculosis (TB) disease elicits host responses characterized by an immune profile that is clearly distinct from healthy individuals (1, 2). As the causative agent Mycobacterium tuberculosis (Mtb) is actively replicating during TB disease, it causes constant antigen stimulation from the bacterium that shapes the immune response. In contrast, with latent TB infection (LTBI), Mtb is not actively replicating in the host and antigen stimulation with Mtb antigens is required to generate Mtb-specific immune responses (1). While differences in immunity with Mtb antigen stimulation has been extensively studied for active disease or LTBI compared to healthy individuals (1–5), there are limited studies characterizing differences by LTBI status in circulating inflammatory markers, in the absence of antigen stimulation (6–8). This information could potentially explain why an increased risk of certain adverse outcomes (e.g. acute myocardial infarction) has been observed among LTBI+ individuals, or help identify immune profiles associated with TB progression (9, 10).

One hypothesis on levels of inflammation by LTBI status is that there is no difference in circulating inflammatory markers between LTBI+ and LTBI− individuals. Mtb infection is mainly quiescent during LTBI and can remain in this form for a long time without harm to most individuals (11, 12). However, recent data from studies in adults suggest that there might be differences in systemic inflammation by LTBI status (6–8, 13). For example, a study of Indian adults observed that after adjusting for potential confounders, LTBI+ individuals had significantly higher levels of circulating pro-inflammatory mediators IL-6 and MCP-1 but lower levels of C-reactive protein (CRP), another pro-inflammatory marker, compared to LTBI− individuals (6).

While studies have started to assess potential differences in systemic inflammation by LTBI status in non-pregnant adults (6–8, 13), there is no data on pregnant women. Pregnant women have a distinct immune profile compared to adults, and there are temporal changes in immunity during pregnancy (14). It is not currently known whether there is a difference in systemic inflammation between LTBI+ and LTBI− pregnant women, and how this might change by trimester of pregnancy. Furthermore, LTBI+ women have a higher risk of Mtb progression during pregnancy and post-partum, but the reasons are not clear (15–17). The immune profile during pregnancy, including the systemic inflammatory milieu, may inform on potential changes to immunity that increase susceptibility to TB disease during pregnancy. In order to address this research gap in our understanding of systemic immunity in LTBI+ pregnant women, we compared the levels of systemic inflammatory markers, at the second and third trimesters, by LTBI status in a cohort of pregnant women from Pune, India and explored the association of these immune markers with TB progression during pregnancy and post-partum.



Methods


Study Design and Population

A cohort study of pregnant women was conducted at Byramjee Jeejeebhoy Government Medical College (BJGMC) in Pune, India from 2016 to 2019. Adult pregnant women, aged 18–40 years and between 13 and 34 weeks of gestation (confirmed by early pregnancy ultrasound), receiving antenatal care at BJGMC were enrolled for this study. Pregnant women with active TB at entry were excluded. We enrolled four cohorts of pregnant women based on their latent tuberculosis infection (LTBI) and HIV status: 1) LTBI+HIV+ (N = 35), 2) LTBI+HIV− (N = 130), 3) LTBI−HIV+ (N = 44) and 4) LTBI−HIV− (N = 25). The sample size for this cohort was based on the primary objective of the cohort study which was to compare the concentrations of Th1 cytokines after MTB-specific antigen stimulation by stage of pregnancy. LTBI status was determined using Interferon Gamma Release Assay (IGRA Quantiferon TB-Gold) according to manufacturer’s instructions. Sampling within each cohort was based on convenience sampling of those that met eligibility criteria.



Ethics Statement

All clinical investigations were conducted according to the principles expressed in the Declaration of Helsinki. Written informed consent was obtained from all participants. This study was approved by the institutional review boards and ethics committees at BJGMC, Johns Hopkins University, Weill Cornell and Columbia University. We followed guidelines for human experimentation from the US Department of Health and Human Services.



Data Collection and Laboratory Procedures

Sociodemographic information and clinical data were collected from pregnant women at the enrollment visit (13–34 weeks of gestation), at the third trimester visit (for those enrolled in the second trimester), at delivery and approximately every 3 months post-partum. At each follow-up visit, women were administered a World Health Organization (WHO) TB symptom screening questionnaire. Women with a positive WHO symptom screen, unintentional weight loss since last visit or with clinical findings on examination were further investigated with sputum GeneXpert, acid-fast bacilli test, chest X-ray and abdominal ultrasound. Culture in Lowenstein Jensen (LJ) media and liquid Mycobacteria Growth Indicator Tube (MGIT) were performed for further confirmation in those with positive findings.

Relevant to this analysis, blood was also collected at each visit in heparin tubes and plasma samples were stored in −80°C until further use. We conducted single-plex immunoassays on second and third trimester plasma samples according to the manufacturer’s (R&D Systems, Minneapolis, MN) directions for soluble CD163 (sCD163), soluble CD14 (sCD14), intestinal fatty acid-binding protein (I-FABP), C-reactive protein (CRP), alpha 1-acid glycoprotein (AGP) and interferon-β (IFNβ). The sensitivity of the assays were as follows: 0.613 ng/ml for sCD163, 125 pg/ml for sCD14, 6.21 pg/ml for I-FABP, 0.02 ng/ml for CRP, 0.54 ng/ml for AGP, and 50 pg/ml for IFNβ. Multiplex immunoassays (Luminex assays from R&D systems) measuring IFNγ, Interleukin (IL)-1β, IL-6, IL-13, IL-17A and TNF were also performed on these samples. The sensitivity of the assays were as follows: 0.40 pg/ml for IFNγ, 0.80 pg/ml for IL-1β, 1.7 pg/ml for IL-6, 36.6 pg/ml for IL-13, 1.8 pg/ml for IL-17A, and 1.2 pg/ml for TNF. These markers were chosen based on their importance to TB, HIV and pregnancy outcomes. For Single-plex immunoassays, SpectraMax plate readers were used with SofMax Pro 6 software. Luminex xMAP technology MAGPIX platform was used for multiplex immunoassays with xPONENT software.



Statistical Analysis

We combined the LTBI+ cohorts (HIV+ and HIV−) and LTBI− cohorts (HIV+ and HIV−) to study the relationship of LTBI status with second or third trimester inflammatory markers among 220 women with available inflammatory data. Differences in study population characteristics by LTBI status were determined using Fisher’s exact test for categorical variables and Wilcoxon rank-sum test for continuous variables. A p-value less than 0.05 was considered statistically significant and a p-value of less than 0.004 (0.05/12) was considered statistically significant after Bonferroni correction for multiple comparisons. We also compared median levels of each inflammatory marker, during the second and third trimester, between LTBI+ and LTBI− pregnant women using the Wilcoxon rank-sum test. Inflammatory markers were log2-transformed for the data to approximate normality.

We conducted univariable and multivariable linear regression to determine the change in log2concentrations of each inflammatory marker (outcome variable) by change in LTBI status (exposure variable), with separate cross-sectional analyses for markers measured in second trimester or third trimester. Multivariable models adjusted for age, mid-upper arm circumference (MUAC), HIV status, vegetarian diet and gestational diabetes status. We also tested models that further adjusted for smoking, education or preeclampsia. MUAC at the time of plasma sample collection (i.e. second or third trimester) was used in multivariable models as it is a more reliable indicator of nutritional status during pregnancy compared to body mass index. Sub-set analysis was performed using Wilcoxon rank-sum test to determine whether similar relationships between LTBI status and inflammatory markers were observed for only HIV-negative populations.

We also conducted an exploratory analysis, using univariable and multivariable logistic regression analyses, to determine whether third trimester inflammation levels (exposure variable) was associated with TB progression during pregnancy or post-partum (outcome variable). Progressors were defined as those who prospectively developed active TB after sample collection in third trimester and within study follow-up of one-year post-partum. We used STATA software version 15.0 for the data analysis.




Results


Study Population Characteristics

Our study population of pregnant Indian women (N = 220) had a median age of 23 years (interquartile range (IQR): 21–27) (Table 1). Only 25% had an education of less than secondary education, and 34% had an income below India’s poverty line (monthly income <10,255 Indian rupees). Around 28% of the women had a mid-upper arm circumference (MUAC) less than 23 cm [an indicator of undernutrition in pregnancy (18)] and 7% had an MUAC >30.5 cm, indicative of overweight (Table 1). Most of the women (88%) did not smoke, and 12% were vegetarians. Ten percent had gestational diabetes, and 11% had preeclampsia. As this cohort was stratified by HIV status, 32% of the pregnant women were HIV+ (all on antiretroviral therapy). Study population characteristics did not differ by LTBI status except for lower proportion of HIV (p-value <0.001) in LTBI+ women; as mentioned above, this was due to the stratified design of the study. LTBI+ women also had a lower proportion of gestational diabetes (p = 0.08) and less post-high school education (p = 0.09), but these differences were not statistically significant (Table 1).


Table 1 | Characteristics of the study population (N = 220).





Levels of Inflammatory Markers by LTBI Status

We compared the median log2-transformed levels of third trimester inflammatory markers by LTBI status using Wilcoxon-rank sum tests (Figure 1). IL-1β (3.64 vs. 2.25 pg/ml; p = 0.0002), TNF (1.76 vs. 1.54 pg/ml; p = 0.004), IL-6 (4.08 vs. 1.25 pg/ml; p< 0.0001) and IL-17a (2.48 vs. 2.16 pg/ml; p = 0.0001) were significantly higher in LTBI− women compared to LTBI+ women (Figure 1). IFNγ production upon Mtb antigen stimulation is used to define LTBI positivity; of note, IFNγ was lower (3.63 vs. 3.73 pg/ml; p = 0.15) in plasma (i.e. unstimulated samples) of LTBI− women compared to LTBI+ women, but this association was not statistically significant (Figure 1). Similar results were also observed when using log2 concentrations of markers measured in plasma samples from the second trimester (Supplementary Figure 1). LTBI− women had significantly higher levels of second trimester AGP, I-FABP, IL-1β, TNF, IL-6, and IL-17a compared to LTBI+ women (Supplementary Figure 1). LTBI− women also had lower levels of IFNγ compared to LTBI+ women, although this was not statistically significant (p = 0.08) (Supplementary Figure 1).




Figure 1 | Levels of third trimester inflammation by LTBI status (N = 220). (A) Median and interquartile range (IQR) log2 levels of markers, measured in the 3rd trimester is shown for LTBI+ (n = 155) and LTBI− (n = 65) pregnant women. Wilcoxon rank-sum test was used to calculate p-values. *p < 0.05, **p < 0.01 and ***p < 0.001. (B) Relative fold-change is shown for each marker by LTBI status. Red bars indicate p-value <0.05.





Association of LTBI Status With Inflammation

Next, we assessed the relationship of third trimester inflammation with LTBI status using univariable and multivariable linear regression models. LTBI+ women had significantly lower levels of I-FABP (mean log2 change: −0.41, 95% confidence intervals (CI): −0.78 to −0.04; p = 0.03), IL1β (mean log2 change: −1.03, 95% CI: −1.53 to −0.54; p < 0.001), IL-6 (mean log2 change: −1.36, 95% CI: −1.93 to −0.80; p < 0.001), and IL-17a (mean log2 change: −0.34, 95% CI: −0.50 to −0.17; p <0.001) compared to LTBI− women in univariable models (Figure 2). AGP (mean log2 change: −0.20, 95% CI: −0.42 to 0.02; p < 0.08) and sCD163 (mean log2 change: −0.18, 95% CI: −0.39 to 0.03; p < 0.10) was also lower in LTBI+ women but this relationship was not statistically significant (Figure 2).




Figure 2 | Association of LTBI status with third trimester inflammation (N = 220). Using linear regression, the mean change in log2 concentrations of each inflammation marker and 95% confidence intervals (95% CI) among LTBI+ individuals compared to LTBI−individuals are shown in the forest plot. Inflammation markers were measured in samples collected at the third trimester of pregnancy. Multivariate models adjusted for age, mid-upper arm circumference, HIV status, diet and gestational diabetes status. Only immune markers with a p-value <0.2 in the univariate model are shown.



After adjusting for age, third trimester MUAC, HIV status, vegetarian diet, and gestational diabetes in multivariable models, levels of IL-1β (mean log2 change: −1.15, 95% CI: −1.70 to −0.60; p < 0.001), IL-6 (mean log2 change: −1.22, 95% CI: −1.87 to −0.58; p < 0.001) and IL-17a (mean log2 change: −0.39, 95% CI: −0.57 to −0.21; p < 0.001), but not I-FABP (mean log2 change: −0.25, 95% CI: −0.67 to 0.15; p = 0.22), remained significantly lower in LTBI+ women compared to LTBI− women (Figure 2). In addition, AGP was also significantly lower in LTBI+ women (mean log2 change: −0.29, 95% CI: −0.54 to −0.04; p = 0.02) (Figure 2). After Bonferroni correction to adjust for multiple comparisons, third trimester IL1β, IL-6 and IL-17a were significantly lower in LTBI+ women in multivariable models.

Further adjusting for smoking, education or preeclampsia in multivariable models did not change the direction or significance of the results. Finally, we also conducted sensitivity analysis to show that when we limited the analysis only to HIV− subjects, the levels of these inflammatory markers were still lower in LTBI+ pregnant women compared to LTBI− women (Supplementary Figure 2), suggesting that HIV was not driving the observed relationships.

Results using second trimester inflammatory markers instead of third trimester showed similar associations with LTBI status (Figure 3). In univariable models, LTBI+ pregnant women had significantly lower levels of AGP, I-FABP, IL1β, TNF, IL-6 and IL-17a compared to LTBI− pregnant women (Figure 3). In multivariable models, we observed similar results observed in univariable models with significantly lower levels of the AGP, I-FABP, IL-1β, IL-6, and IL-17a, but not TNF in LTBI+ compared to LTBI− women (Figure 3). In addition, sCD163 levels were significantly lower and IFNγ was significantly higher in LTBI+ women compared to LTBI− women (Figure 3). After Bonferroni correction to adjust for multiple comparisons, second trimester AGP, IL1β, IL-6 and IL-17a were significantly lower in LTBI+ women in multivariable models.




Figure 3 | Association of LTBI status with second trimester inflammation (N = 187). Using linear regression, the mean change in log2 concentrations of each inflammation marker and 95% confidence intervals (95% CI) among LTBI+ individuals compared to LTBI− individuals are shown in the forest plot. Inflammation markers were measured in samples collected at the second trimester of pregnancy. Multivariate models adjusted for age, mid-upper arm circumference, HIV status, diet and gestational diabetes status. Only immune markers with a p-value <0.2 in the univariate model are shown.





Inflammatory Markers During Pregnancy and Progression of TB

We also conducted an exploratory analysis to test whether the systemic immune profile observed in LTBI+ pregnant women was associated with progression to active TB during pregnancy or post-partum. In our study, there were nine women, all LTBI+ at study baseline, who progressed to active TB either during the third trimester of pregnancy (n = 1) or post-partum (i.e. within one year of delivery) (n = 8). Given that all of the progressors were LTBI+ women, we present data comparing progressors and non-progressors only among LTBI+ women. Interestingly, levels of these markers in LTBI+ progressors, while higher than non-progressor LTBI+ pregnant women, were similar to LTBI− women (data not shown), suggesting that lower levels of these markers might be protective against TB progression in LTBI+ pregnant women. There was a significantly increased odds of progression per log2 increase in third trimester plasma levels of IL-1β (adjusted odds ratio (aOR): 1.64, 95% CI: 1.05–2.57), IL-6 (aOR: 1.58, 95% CI: 1.05–2.39), and IL-13 (aOR: 2.43, 95% CI: 1.12–5.27) after adjusting for age, MUAC and HIV status (Figure 4). There was also an increased odds for IL-17a (aOR: 5.49, 95% CI: 0.84–35.97), but this association was not statistically significant (Figure 4). Similar results were observed when we limited the analysis only to post-partum progressors (data not shown).




Figure 4 | Association of third trimester inflammation markers with TB progression (N = 155; nine progressors). Using logistic regression, the odds ratio and 95% confidence intervals (95% CI) of TB progression per log2 increase in each inflammation marker among LTBI+ pregnant women are shown in the forest plot. Progressors were defined as those who developed TB either during the third trimester of pregnancy (n = 1) or up to one year post-partum (n = 8). Inflammation markers were measured in samples collected at the third trimester of pregnancy. Multivariable models adjusted for age, mid-upper arm circumference and HIV status. Only immune markers With a p-value <0.2 in the univariate model are shown.






Discussion

In our study of LTBI+ and LTBI− pregnant women from India, LTBI+ women had lower levels of various pro-inflammatory cytokines such as IL-1β, IL-6 and IL-17a compared to LTBI− women. In contract, the levels of IFNγ were higher (significant in second trimester) in LTBI+ women. While increased levels of IFNγ might be related to the use of this cytokine to define IGRA-based LTBI (19), the results with the other cytokines were surprising. These findings suggest that LTBI in pregnancy is characterized by a distinct immune profile with higher levels of IFNγ but lower levels of other immune markers with known roles in TB disease. Interestingly, LTBI+ women who progressed to active TB during pregnancy and post-partum did not have this profile in our exploratory analysis, suggesting the distinct immune profile in LTBI+ pregnant women might have a protective role against TB progression. Future larger studies will need to confirm these findings and determine whether these markers play a causal role and could be used to identify LTBI+ pregnant women at increased risk for TB progression and a target for preventative therapy.

LTBI+ pregnant women had significantly increased levels of IFNγ in the second trimester compared to LTBI− women. While the association was not statistically significant, the IFNγ levels were also higher for LTBI+ women in the third trimester. In our study, we used the IGRA test, which is dependent on IFNγ production (19), to define LTBI status; thus it might be expected IFNγ is higher in LTBI+ women. On the other hand, it should be noted that we measured IFNγ in plasma samples, and it is not obvious that IFNγ levels in circulation should also be higher for LTBI+ individuals. Our results here do indicate that higher levels of IFNγ are observed in circulation for LTBI+ pregnant women even without Mtb antigen stimulation. Similar results for IFNγ have also b-een observed from plasma samples of non-pregnant LTBI+ adults (13, 20). While the reasons are not clear, it is possible that despite being a latent infection, there could be periodic activity of some component (e.g. mRNA, protein) or low-level replication of Mtb that induces IFNγ production (13). Furthermore, LTBI is thought to be a spectrum of host–pathogen interactions, with ongoing replication and metabolic activity in certain subsets while quiescence in other Mtb subsets (9, 21).

Our data showed lower levels of immune markers, especially IL-1β, IL-6, IL-17a and AGP, in both trimesters, in LTBI+ women compared to LTBI− women. Higher levels of IFNγ can partly explain the lower levels of these other markers, as studies of Mtb have shown that IFNγ can have counteractive roles with IL-1β, IL-6 and IL-17a in certain instances (22–24). Pregnancy-specific changes in immune profile could also in part help explain these observations (14). For example, during pregnancy there is an increase in neutrophil levels (25, 26), which have been linked to lower levels of IL-6 and IL-17 in Mtb infection (1, 27).

Interestingly, in our exploratory analyses, LTBI+ TB progressors had a profile more similar to LTBI− women, with higher levels of IL-1β, IL-6, IL-13 and IL17a and generally lower levels of IFNγ compared to LTBI+ non-progressors. These inflammatory markers have been recognized for their complex role in TB disease where while a deficiency is linked to reduced control of Mtb infection, excessive levels can result in tissue damage and immunopathology (1, 28–33) as well as progression to active TB disease in non-pregnant adults (34). Given the small number of progressors in this study, these findings will need to be confirmed in other studies with a larger sample size. If these findings are confirmed, this profile could be used to identify subsets of LTBI+ pregnant women (i.e. those without this profile) at an increased risk of TB progression and would further support the idea of LTBI as a spectrum where subgroups of LTBI+ are protected from progression while others are not (9, 10). In addition, future studies would also need to determine whether this relationship of the systemic immune profile with TB progression is causal as it could partly explain the increased risk of Mtb progression during pregnancy and post-partum (15–17).

Our study has some limitations. We did not have data on inflammation markers from pregnant women during the first trimester or non-pregnant women. This data would be informative to understand whether the relationship of these markers with LTBI status was also similar in early pregnancy compared to later pregnancy, or in pregnant women compared to non-pregnant women. Regardless, our study did have longitudinal data on inflammatory markers in the second and third trimesters of pregnancy and showed consistent results with LTBI status in both trimesters that was robust to adjustments for multiple comparisons. Another limitation of this study is that we only assessed soluble markers of inflammation. The next steps for this study is to better understand the cellular sources of these differences by assessing potential differences in immune cell phenotype and function by LTBI status. The sample size for the analysis of TB progression was limited; while we were able to detect significant differences in multiple markers, this was an exploratory analysis that will need to be confirmed in larger studies. Future large studies should also address whether the changes in inflammatory markers due to LTBI status impacts the risk of birth and infant health outcomes.

In summary, we characterize the systemic immune profile in LTBI+ pregnant women showing higher levels of IFNγ but lower levels of other immune markers compared to LTBI− pregnant women. These findings describe a circulating cytokine and immune milieu indicating a distinct immune profile in LTBI+ women. Exploratory analysis suggests that this profile is negatively associated with TB progression. Future studies should confirm these findings in diverse settings in order to test the potential causal role along with the utility of this profile to identify women at high risk for TB progression and who may benefit from preventative therapy.
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Background

Tuberculosis (TB) is a leading infectious cause of death. To improve treatment efficacy, quicker monitoring methods are needed. The objective of this study was to monitor the response to a heparin-binding hemagglutinin (HBHA) interferon-γ (IFN-γ) release assay (IGRA) and QuantiFERON-TB Gold Plus (QFT-P) and to analyze plasma IFN-γ levels according to sputum culture conversion and immune cell counts during treatment.



Methods

This multicentered cohort study was based in Bangladesh, Georgia, Lebanon, Madagascar, and Paraguay. Adult, non-immunocompromised patients with culture-confirmed pulmonary TB were included. Patients were followed up at baseline (T0), after two months of treatment (T1), and at the end of therapy (T2). Clinical data and blood samples were collected at each timepoint. Whole blood samples were stimulated with QFT-P antigens or recombinant methylated Mycobacterium tuberculosis HBHA (produced in Mycobacterium smegmatis; rmsHBHA). Plasma IFN-γ levels were then assessed by ELISA.



Findings

Between December 2017 and September 2020, 132 participants completed treatment, including 28 (21.2%) drug-resistant patients. rmsHBHA IFN-γ increased significantly throughout treatment (0.086 IU/ml at T0 vs. 1.03 IU/ml at T2, p < 0.001) while QFT-P IFN-γ remained constant (TB1: 0.53 IU/ml at T0 vs. 0.63 IU/ml at T2, p = 0.13). Patients with low lymphocyte percentages (<14%) or high neutrophil percentages (>79%) at baseline had significantly lower IFN-γ responses to QFT-P and rmsHBHA at T0 and T1. In a small group of slow converters (patients with positive cultures at T1; n = 16), we observed a consistent clinical pattern at baseline (high neutrophil percentages, low lymphocyte percentages and BMI, low TB1, TB2, and MIT IFN-γ responses) and low rmsHBHA IFN-γ at T1 and T2. However, the accuracy of the QFT-P and rmsHBHA IGRAs compared to culture throughout treatment was low (40 and 65% respectively). Combining both tests improved their sensitivity and accuracy (70–80%) but not their specificity (<30%).



Conclusion

We showed that QFT-P and rmsHBHA IFN-γ responses were associated with rates of sputum culture conversion. Our results support a growing body of evidence suggesting that rmsHBHA IFN-γ discriminates between the different stages of TB, from active disease to controlled infection. However, further work is needed to confirm the specificity of QFT-P and rmsHBHA IGRAs for treatment monitoring.
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Introduction

Tuberculosis (TB) is one of the leading causes of death by infectious disease in the world, causing 1.5 million deaths in 2019 (1). The treatment of pulmonary TB requires antibiotic multitherapies that last at least six months (2, 3) and can have toxic side effects. Consequently, treatment adherence is not optimal, especially in primary care settings (4, 5). Currently, anti-TB treatment monitoring relies on Mycobacterium tuberculosis (M. tuberculosis) detection by sputum smear microscopy and culture when possible (6). Sputum culture is the gold standard, but it is slow and requires high biosafety laboratory environments (7), while smear microscopy is highly sample- and operator-dependent and has poor sensitivity (8, 9). There is a clinical need for quicker anti-TB treatment monitoring tests adapted to primary care settings (10), that require accessible samples (blood, urine, feces) and limited laboratory equipment (11).

QuantiFERON-TB Plus (QFT-P; Qiagen) is an ELISA-based IFN-γ release assay (IGRA) that tests for exposure to M. tuberculosis. While it is useful for the triage of suspected TB patients, it cannot discriminate between active and latent TB (12) and has shown little clinical relevance for TB treatment monitoring so far (10). Previous works highlighted a general decrease in IFN-γ levels across TB treatment (13–18), and a study on QuantiFERON Gold In-Tube highlighted the presence of downregulated non-TB specific IFN-γ responses (Mitogen tube) were associated with poor treatment outcomes (19). However, persistently high quantitative results as well as heterogeneous QFT-P conversion rates make the test unlikely to be adapted for individual treatment monitoring (20–22).

Recently, the use of QFT-P in combination with the detection of IFN-γ responses to recombinant Mycobacterium smegmatis heparin-binding hemagglutinin (hereafter called “rmsHBHA IGRA”) as an additional stimulation antigen has shown promise to stratify TB cases by stage of infection and progression to disease (23–27), and to monitor TB treatment outcomes (28). In particular, negative or low levels of IFN-γ production in response to rmsHBHA stimulation have been associated with active TB disease as opposed to latent infection. However, this assay has been explored only in studies in non-TB endemic settings, or with no drug-resistant TB patients.

The primary objective of this prospective multicentered cohort study was to monitor the plasma IFN-γ response to rmsHBHA and QFT-P antigens during anti-TB treatment. Moreover, recent data collected in the same cohort highlighted an association between baseline circulating white blood cells (WBC) and TB treatment outcome (29); hence, a secondary objective was to describe rmsHBHA and QFT-P IFN-γ values in subsets of patients stratified according to demographics, immune cell counts, and culture conversion during treatment. For that purpose, we conducted a cohort study in five countries with low- or middle income status and high- or middle TB incidence rates (30) (Bangladesh, Georgia, Lebanon, Madagascar, and Paraguay), focusing on adult, HIV-uninfected, culture confirmed drug-susceptible or drug-resistant pulmonary TB patients.



Materials and Methods


Study Design and Sample Population

This descriptive study was nested within a multicenter prospective cohort study assessing the prognostic value of blood-based immunological markers for TB treatment monitoring. The study was based in five institutions from the Mérieux Foundation GABRIEL network (31), with the approval of national TB programs and the following ethical committees: the international center for diarrheal diseases and research, Bangladesh (icddr,b) in Dhaka, Bangladesh; the National Center for Tuberculosis and Lung Diseases (NTCLD) in Tbilisi, Georgia; the Laboratoire Microbiologie, Santé et Environnement (LMSE, Université Libanaise), in Tripoli, Lebanon; the Institut Pasteur de Madagascar in Antananarivo, Madagascar; and the Instituto de Investigationes en Ciencias de la Salud (Universidad Nacional de Asunción; IICS-UNA) in Asunción, Paraguay. All recruited patients provided written informed consent and standard biosecurity and institutional safety procedures were followed in all study sites.



Cohort Recruitment, TB Diagnosis, and Patient Follow-Up

The sample size was evaluated to detect a difference in rmsHBHA IFN-γ between baseline and end of treatment, with the following assumptions: we aimed for a level of significance of 95% and a power of 80%, assuming a minimum average expected difference of 1.6 IU/ml in rmsHBHA IFN-γ levels throughout treatment based on reported estimates (32), with an expected standard deviation of 3 IU/ml at each repeated measurement. We calculated (33) that a sample size of 117 was required to reach significance. As this study was nested in a cohort study with a sample size of 200, we aimed to enroll more patients to account for missing data. Patients were recruited if diagnosed with microbiologically confirmed pulmonary TB (positive culture and/or sputum smear and/or GeneXpert). Patients with HIV or diabetes mellitus and children under 15 years were excluded. In downstream analyses, patients under immunocompromising treatment, patients with negative cultures at inclusion, and patients who were lost-to-follow-up were excluded. Detailed procedures for microbiological diagnosis, drug sensitivity testing, and therapeutic regimen composition were described previously (29).

Patients were followed up: at inclusion (T0), after two months of treatment (T1), at the end of therapy [T2; 6 months for drug-susceptible (DS-TB) patients, nine to 24 months for drug-resistant (DR-TB) patients]. Data were presented for all patients followed up until T2 at least. Patients were on Directly Observed Treatment (DOT) and received treatment according to standard protocols (2, 3, 34). In this study, culture conversion at T1 was used to define three patient subsets: fast converters (definitive culture conversion between T0 and T1), slow converters (definitive culture conversion between T1 and T2), and patients with poor treatment outcome (positive culture results at T2: treatment failure; or positive culture at T3: relapse).



On-Site Whole Blood Collection and Cell Count

At every follow-up visit, 10 ml of whole blood were drawn: 4 ml was used for other downstream analyses, 1 ml was collected in EDTA tubes and used to measure whole blood cell counts by standardized automated systems available in the study sites as listed previously (29), and 5 ml was used for in vitro blood stimulation. For the QFT-P assay, 1 ml of whole blood was seeded directly into each of four QuantiFERON-TB Gold Plus (QFT-P, Qiagen) tubes as per the manufacturer’s instructions. The NIL tube contained no antigens and was used as a negative control. The TB1 and TB2 QFT-P tubes are coated with commercial M. tuberculosis-specific antigenic peptide pools. TB1 tubes contain two mycobacterial peptides, ESAT-6 (>15aa) and CFP-10 (8–13aa), which elicit specific immune responses from CD4+ T lymphocytes (35). TB2 tubes contain an additional commercial peptide pool designed to induce CD8+ T lymphocyte stimulation. MIT tubes are coated with commercial phytohemagglutinin-like bacterial antigens and were used as a positive control (35). For the rmsHBHA assay, 1 ml of blood was seeded into a NIL tube which was complemented with rmsHBHA (provided by the Delogu laboratory, UNICATT, Rome, Italy (23)), at a final concentration of 5 µg/ml. Within 2 h of blood collection, samples were placed at 37°C in a 5% CO2 atmosphere and incubated for 24 h. After incubation, plasmas were separated from the cell fraction by decantation, and stored at −80°C until further use.



Interferon-γ Release Assay

IFN-γ secretion was quantified using the QFT-P ELISA kit (Qiagen) according to the manufacturer’s instructions. Briefly, plasma samples were thawed at room temperature, and 50 µl of plasma was tested. Optical density results were compared to log-normalized values from freshly reconstituted IFN-γ kit standards. To account for potential immunomodulation phenomena unrelated with TB treatment, baseline IFN-γ level values (NIL tubes) were subtracted from antigen-stimulated IFN-γ values (MIT, TB1, TB2, rmsHBHA). According to the kit’s sensitivity range, the maximum for IFN-γ level values was set at 10 IU/ml and negative values were rescaled to 0.



Assay Comparability Between Study Sites

To optimize comparability, a sample handling and processing protocol common to all study sites was developed, and on-site trainings were performed to standardize experimental processes such as instrument settings and timings. A tracking sheet was developed and used to follow sample shipment and standardize storage conditions in all sites. As the models of measurement instruments used in the different sites could not be homogenized, instrument readings were tested with QuantiFERON Control Panel (Qiagen) prior to launching the project. Finally, internal controls were added to each ELISA run to control for experimental variation and verify storage quality. Briefly, whole blood from a healthy donor was collected and stimulated with QFT-P antigens following the same protocol as described previously. Plasma was then separated and aliquoted and added to each ELISA run.



Clinical Data Collection and Statistical Analysis

Standardized clinical report and data collection forms were implemented to ensure dataset homogeneity as described previously (29). Data were entered into the CASTOR database system (Version 1.4, Netherlands) (36), and cleaned and analyzed in R (version 3.6.2). Discrete variables were analyzed using Fisher’s Exact test with Bonferroni’s post-hoc test (37). Normal, continuous variables were analyzed with Student’s t-test. Non-normal, continuous variables were analyzed with the Mann–Whitney test, or the Kruskal–Wallis rank sum test with Dunn’s Kruskal–Wallis Multiple Comparisons post-hoc test (38). Repeated measures of non-independent continuous variables were analyzed using the Friedman rank sum test, with the Wilcoxon–Nemenyi–McDonald-Thompson post-hoc test (39). As the HBHA IGRA was not commercialized and QFT-P was designed to screen latent rather than active TB patients, we used Receiver Operating Curve (ROC) analyses to identify optimal IFN-γ thresholds adapted for this cohort, discriminating culture positive from culture negative patients. The overall QFT-P test was considered positive if either TB1 or TB2 was above their respective thresholds. ROC analyses and logistic regression were performed as described previously (29). In particular, multivariate logistic regression analyses were adjusted with the combination of variables that minimized the Akaike Information Criterion (AIC) for most tested predictors, while including important adjustment variables (age, sex, drug sensitivity, country).




Results


Sociodemographic, Clinical, and Microbiological Characteristics of the Cohorts

Between December 2017 and September 2020, 199 eligible patients with culture confirmed active pulmonary TB were recruited in Dhaka (Bangladesh), Tbilisi (Georgia), Tripoli and Akkar (Lebanon), Antananarivo (Madagascar), and Asunción (Paraguay). As of September 2020, 132 of them were followed at least until the end of treatment and had available IGRA data (Figure 1). Among these patients, 21.2% (28/132) were diagnosed with DR-TB. The sociodemographic characteristics of DS-TB and DR-TB patients were similar at inclusion (Table 1). Sociodemographic characteristics were compared between study sites, and significant differences were observed concerning age, BMI at inclusion, and BCG vaccination rates (Supplementary Table 1). All enrolled patients were sputum culture positive at inclusion. Most patients were also positive for sputum smear microscopy (sensitivity: 78.0%, 103/132) and/or GeneXpert (98.4%, 125/132). Three (3.9%) cases of treatment failure and one (0.7%) case of relapse were recorded (Table 1).




Figure 1 | Patient inclusions between December 2017 and September 2020. DR, drug-resistant; DS, drug-susceptible; LTFU, lost to follow-up. TB, tuberculosis. HIV, human immunodeficiency virus. Treatment for DS-TB patients lasted 6 months. Treatment for DR-TB patients lasted 9 to 24 months.




Table 1 | Sociodemographic and clinical characteristics of drug-susceptible and drug-resistant patients at inclusion.





Dynamics of Interferon-γ Levels During Treatment and Influence of Sociodemographic Factors

Plasma IFN-γ levels in response to TB1, TB2, or HBHA stimulations were measured during anti-TB treatment (Figure 2). The median IFN-γ response to TB1 and TB2 remained constant over time, while the median response to rmsHBHA increased significantly (Figure 2A). Individual IFN-γ levels were heterogeneous in all three stimulation conditions (Figure 2B). To account for individual variations, rmsHBHA/TB1 and rmsHBHA/TB2 IFN-γ ratios were evaluated, and a significant increase in both ratios was still observed overall (Supplementary Figures 1A–C). We also measured the TB2-TB1 IFN-γ response, as a proxy for the QFT-P CD8+ T-cell response (Supplementary Figure 1D). No significant difference was detected over time. The impact of sociodemographic parameters on IFN-γ levels was assessed but no significant association was detected (data not shown).




Figure 2 | Dynamics of plasma IFN-γ response to QFT-P and HBHA stimulations over the course of TB therapy. Data are given as median + interquartile range. Each black dot represents one patient at one timepoint. Grey lines connect data points from the same patient. (A) Median IFN-γ responses in the complete cohort (n = 132 per timepoint). (B) Individual IFN-γ responses in the complete cohort. (C–E) Stratification per study site. Bangladesh (n = 38), Georgia (n = 31), Lebanon (n = 7), Madagascar (n = 36), Paraguay (n = 20). T0: baseline. T1: baseline + 2 months. T2: end of treatment. Data were compared using Friedman’s Exact Test with the Wilcoxon–Nemenyi–McDonald-Thompson post-hoc, or the Mann–Whitney U test (B). *p < 0.05; **p < 0.01; ***p < 0.001.



Overall, QFT-P positivity rates remained constant during treatment (T0 vs. T2: 52 vs. 55%, p = 0.71), whereas rmsHBHA positivity rates increased significantly (T0 vs. T2: 31 vs. 67%, p < 0.001 (Table 2). We also calculated the slopes of rmsHBHA and QFT-P IFN-γ variations during treatment (Table 2). An increased INF-γ response to TB1, TB2, and rmsHBHA was observed in 55.3% (73/132), 56.8% (75/132), and 77.3% (102/132) of patients respectively.


Table 2 | Qualitative evolution of QFT-P and HBHA IFN-γ levels during treatment.



IFN-y levels over time were then stratified per study site (Figures 2C–E). Similar trends were observed in all cohorts for TB1 and TB2 IFN-γ levels, except in the Madagascar site in which an increase in TB1 IFN-γ was recorded between T0 and T2. Variation in IFN-γ levels produced by rmsHBHA-stimulated samples was different between study sites: similar in increase and order of magnitude in the Bangladesh and Georgia cohorts on the one hand, as well as in Paraguay and Lebanon on the other hand; however, no increase was observed in the Madagascar cohort, as well as lower IFN-γ values (Supplementary Table 2). Mitogen IFN-γ levels were also significantly lower in the Madagascar cohort than in the Georgia cohort at all timepoints (Supplementary Table 2).



Effect of Neutrophil and Lymphocyte Percentages on Interferon-γ Release Assay Interferon-γ Response During Treatment

We analyzed the distribution of neutrophil percentages, and stratified IFN-γ results according to three groups: low neutrophils (less than the first quartile), intermediate neutrophils (between first and third quartiles), and high neutrophils (Figure 3A; threshold values are available in Supplementary Table 3). Similar analyses were performed with lymphocyte percentages (Figure 3C). We also evaluated the proportion of QFT-P and rmsHBHA positivity at each timepoint, stratified by neutrophil (Figure 3B) and lymphocyte percentages (Figure 3D). As HBHA stimulation was not performed using a commercial kit, Receiver Operating Curve (ROC) analyses were performed to identify the optimal rmsHBHA IFN-y threshold value differentiating culture-positive patients from culture-negative patients at any timepoint. The resulting Area Under the Curve (AUC) was maximized for an IFN-y cutoff value of 0.24 IU/ml (AUC 0.725, 95% CI 0.674–0.777). Overall, neutrophil and lymphocyte percentages directly impacted IFN-γ responsiveness to TB-specific antigens: QFT-P and rmsHBHA IFN-y levels and positivity rates were significantly higher in patients with low neutrophil (Figures 3A, B) or with high lymphocyte proportions (Figures 3C, D). This statistically significant trend was also observed when comparing the subgroup of patients with both low neutrophil and high lymphocyte percentages to the rest of the cohort (data not shown).




Figure 3 | Plasma IFN-γ response to TB-specific QFT-P antigens or HBHA stimulation in patients stratified by WBC counts over the course of TB therapy. (A, C) Quantitative IFN-γ response. Data are given as median + interquartile range and were compared using Kruskal–Wallis’ test with Dunn’s post-hoc when necessary. (B, D) Data were given as a percentage of each group and were compared using Fisher’s Exact Test with Bonferroni’s correction when necessary. Positivity was set at 0.75 IU/ml for QFT-P TB1, 0.71 IU/ml for QFT-P TB2 (the overall QFT-P result was positive if TB1 and/or TB2 were positive) and at 0.22 IU/ml for HBHA, based on ROC analyses. Low, medium, and high WBC or lymphocyte groups were defined as follows: low: <1st quartile; medium: 1st–3rd quartiles; high: >3rd quartile. WBC, white blood cells; T0, baseline; T1, baseline + 2 months; T2, end of treatment; *p < 0.05; **p < 0.01; ***p < 0.001.





Effect of the Culture Conversion Status at 2 Months on the Interferon-γ Release Assay Interferon-γ Response Throughout Treatment

Overall, 112 patients had available culture data at T0, T1, and T2. Most patients were fast converters (definitive culture conversion between T0 and T1; 82.1%, 92/112) or slow converters (definitive culture conversion between T1 and T2; 14.2%, 16/112). Poor treatment outcomes were recorded in four patients (treatment failure, 2.7%, 3/112; relapse, 0.9%, 1/112; data not shown). Among successfully cured patients (n = 108), median IFN-γ levels (Figure 4A) as well as QFT-P and rmsHBHA IGRA positivity rates (Figure 4B) were stratified according to the culture conversion profiles. In slow converters, TB1 and TB2 IFN-γ levels at T0 and T1 and rmsHBHA IFN-γ levels at T2 were significantly lower than in fast converters. Similarly, QFT-P positivity rates at T1 and rmsHBHA positivity rates at T1 and T2 were significantly lower in slow converters.




Figure 4 | Culture conversion profiles and plasma IFN-y dynamics. Plasma IFN-γ levels (A, represented as medians + interquartile range) and IGRA positivity rates (B). T0, enrolment; T1, T0 + 2months; T2, end of treatment; Fast, conversion between T0 and T1 (n = 92). Slow, conversion between T1 and T2 (n = 16). *p < 0.05; **p < 0.01 (Mann–Whitney U Test or Fisher’s Exact Test).



Then, we calculated the sensitivity, specificity, and accuracy of the QFT-P and rmsHBHA IGRAs for TB treatment monitoring at T1 and T2, using culture as a reference standard (Supplementary Table 4). At T1 and T2 respectively, the accuracy of the QFT-P IGRA was of 44 and 46%, and the accuracy of TB2-TB1 was of 52 and 55%. For the rmsHBHA IGRA, we evaluated the test performances of negative rmsHBHA results (i.e. rmsHBHA IFN-γ ≤ 0.22 IU/ml), since lower rmsHBHA IFN-y values were observed before treatment. The accuracy of the rmsHBHA IGRA was of 64 and 65% at T1 and T2, respectively. Finally, we generated a score which was positive when the QFT-P result was positive and the rmsHBHA result was negative. The sensitivity of this combined score was of 86% at T1 and 82% at T2, and its accuracy reached 77% at T1 and 81% at T2, but its specificity remained inferior to 30% at both timepoints. Similar results were observed with a score combining rmsHBHA and TB2-TB1.



Association Between White Blood Cell Counts, Culture Conversion, and Interferon-γ Release Assay Interferon-γ Response During Treatment

We compared the immune cell counts (Supplementary Table 5) and the baseline sociodemographic characteristics (Supplementary Table 6) of patients according to their culture conversion profiles. No difference was detected between slow and fast converters for immune cell counts, but at T0 and T1, patients with treatment failure or relapse had significantly higher neutrophil percentages (at T0, median 84%, interquartile range (IQR) 81.5–86.5; at T1, 79%, IQR 75–81.75), and lower lymphocyte percentages (at T0, 12.5%, IQR 9.2–15.2; at T1, 15.5%, IQR 11–21.2) than successfully treated patients. The BMI at inclusion was significantly lower in slow than in fast converters, and slower conversion rates were observed in the Madagascar cohort.

Then, logistic regression analyses were performed to identify associations between slow culture conversion and immune cell counts or IGRA results (Table 3). In univariate analyses, significant associations were detected between slow conversion and MIT IFN-γ at T0 (odds ratio (OR) 0.78, p = 0.001) and T1 (OR 0.84, p = 0.021), with QFT-P IGRA positivity at T0 (OR 0.19, p = 0.008), and with rmsHBHA IGRA positivity at T1 (OR 0.24, p = 0.015) and T2 (OR 0.29, p = 0.029). The BMI at inclusion was also associated (OR 0.791, p = 0.025).


Table 3 | Associations between time to culture conversion, IFN-γ response, and selected clinical parameters.



In multivariate analyses, significant associations were maintained for MIT IFN-γ at T0 (adjusted OR 0.65, p = 0.009), QFT-P IGRA positivity at T0 (aOR 0.045, p = 0.013), and HBHA IGRA positivity at T1 (aOR 0.076, p = 0.045). No significant association was found otherwise (Supplementary Table 7). Adjusting the models with neutrophil and monocyte proportions at baseline yielded similar results, but with higher AIC values (Supplementary Table 8).

Overall, we observed a slow converter profile including consistent clinical patterns at baseline (low BMI, high neutrophil percentages, low lymphocyte percentages, low TB1 and TB2 IFN-γ responses), as well as a downregulated rmsHBHA response at the end of treatment.




Discussion

In this multicentered prospective study, we assessed the value of QFT-P or rmsHBHA-based IGRAs for pulmonary TB sputum culture conversion monitoring in five cohorts (Bangladesh, Georgia, Lebanon, Madagascar, and Paraguay). We recruited 132 HIV-uninfected culture confirmed pulmonary TB patients, including 28 DR-TB cases. To our knowledge, this is the first time that QFT-P and HBHA IGRAs are prospectively evaluated for treatment monitoring in DS-TB and DR-TB cohorts from high-TB incidence countries.

Consistently with previous works (20, 21), we found that individual monitoring of TB1 and TB2 IFN-γ levels during treatment showed little relevancy; we observed important inter-patient heterogeneity, and no significant changes in median values over time. On the contrary, median rmsHBHA IFN-γ levels increased significantly throughout treatment, and an increase was observed in most patients. This is consistent with studies associating high rmsHBHA IFN-γ levels to latency and controlled infection (23, 25–27), as well as in children (28) and in adults (32) receiving anti-TB treatment. The differences observed between the QFT-P and rmsHBHA IFN-γ responses during treatment can be explained by distinct antigen compositions. TB1 and TB2 are peptide pools obtained from secreted antigens, whereas rmsHBHA is a native protein found in mycobacterial cell walls in vivo; hence, antigen processing and presentation may differ. Bacterial pathogenesis mechanisms (40) as well as the bactericidal effect of anti-TB treatment could also affect the release of QFT-P and HBHA antigens. In addition, mycobacterial immune escape mechanisms involving HBHA (41, 42) could explain the downregulated in vitro IFN-γ responses to rmsHBHA during active disease.

Characterization of the association between QFT-P, rmsHBHA IFN-γ, and mycobacterial clearance has led us to identify two subsets of conversion rates. In particular, slower culture conversion was associated with QFT-P negativity at T0, consistently with a prior study linking negative or indeterminate QFT-P results with poor treatment outcomes (43), and with HBHA IGRA negativity at T1. More generally, both a general immunosuppression with low non-specific IFN-γ (44), and low M. tuberculosis-specific IFN-γ (45) have been demonstrated during active TB. Thus, an anergic early T-cell-driven response might be involved in slower mycobacterial clearance (43). At the other end of the spectrum, lower levels of IFN-γ in slow converters at T2 suggest a link between magnitude of the rmsHBHA-mediated response and mycobacterial clearance.

Our data indicate that rmsHBHA and/or QFT-P IFN-γ had low specificity and accuracy compared to the gold standard culture conversion. Because of the small cohort size, this result must be interpreted with caution; but if confirmed, it could suggest that the increase in rmsHBHA IFN-γ might be representative of general immune recovery during treatment rather than a specific response to M. tuberculosis. Here, this hypothesis is supported by the fact that a low IFN-γ response to non-TB specific stimulation (Mitogen tubes) at T0 was also significantly associated with slow culture conversion in multivariate analysis. In addition, immune cross-reactions with HBHA homologs present in environmental mycobacteria have been previously reported (23).

Finally, our study had several limitations. The sample size was relatively small, and patients were included in diverse geographical areas and had different antibiotic regimens. As a consequence, malnutrition levels, untested co-infections (besides HIV and virus B and C hepatitis), different genetic and epigenetic backgrounds, or potential differences in bacterial loads during sputum collection could not be controlled. We were intrigued by differences in IFN-γ response to HBHA in the different study sites, which could be linked to ethnic-specific influences over M. tuberculosis responses (46). Although adjustment with sociodemographic factors and optimism corrections with a method adapted to small sample sizes (47) were performed, our results need to be confirmed in larger cohorts.

In conclusion, this study described the associations between mycobacterial clearance and immune responses to QFT-P and rmsHBHA IGRAs throughout anti-TB treatment. Lower QFT-P and rmsHBHA IFN-γ levels were associated with slower mycobacterial clearance. Our results support a growing body of evidence suggesting that rmsHBHA IFN-γ discriminates between the different stages of TB. However, the specificity of both IGRAs was insufficient for treatment monitoring. Further research is needed to clarify how the rmsHBHA response is regulated at the cellular level during treatment, and whether there is any specific interaction with mycobacterial clearance. In particular, evaluating how long rmsHBHA IFN-γ values remain stable after treatment would help assess whether it could be a relevant biomarker for relapse prediction.
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To achieve the ambitious targets for tuberculosis (TB) prevention, care, and control stated by the End TB Strategy, new health care strategies, diagnostic tools are warranted. Host-derived biosignatures are explored for their TB diagnostic potential in accordance with the WHO target product profiles (TPPs) for point-of-care (POC) testing. We aimed to identify sputum-independent TB diagnostic signatures in newly diagnosed adult pulmonary-TB (PTB) patients recruited in the context of a prospective household contact cohort study conducted in Andhra Pradesh, India. Whole-blood mRNA samples from 158 subjects (PTB, n = 109; age-matched household controls, n = 49) were examined by dual-color Reverse-Transcriptase Multiplex Ligation-dependent Probe-Amplification (dcRT-MLPA) for the expression of 198 pre-defined genes and a Mesoscale discovery assay for the concentration of 18 cytokines/chemokines in TB-antigen stimulated QuantiFERON supernatants. To identify signatures, we applied a two-step approach; in the first step, univariate filtering was used to identify and shortlist potentially predictive biomarkers; this step may be seen as removing redundant biomarkers. In the second step, a logistic regression approach was used such that group membership (PTB vs. household controls) became the binary response in a Lasso regression model. We identified an 11-gene signature that distinguished PTB from household controls with AUCs of ≥0.98 (95% CIs: 0.94–1.00), and a 4-protein signature (IFNγ, GMCSF, IL7 and IL15) that differentiated PTB from household controls with AUCs of ≥0.87 (95% CIs: 0.75–1.00), in our discovery cohort. Subsequently, we evaluated the performance of the 11-gene signature in two external validation data sets viz, an independent cohort at the Glenfield Hospital, University Hospitals of Leicester NHS Trust, Leicester, UK (GSE107994 data set), and the Catalysis treatment response cohort (GSE89403 data set) from South Africa. The 11-gene signature validated and distinguished PTB from healthy and asymptomatic M. tuberculosis infected household controls in the GSE107994 data set, with an AUC of 0.95 (95% CI: 0.91–0.98) and 0.94 (95% CI: 0.89–0.98). More interestingly in the GSE89403 data set, the 11-gene signature distinguished PTB from household controls and patients with other lung diseases with an AUC of 0.93 (95% CI: 0.87–0.99) and 0.73 (95% CI: 0.56–0.89). These criteria meet the WHO TTP benchmarks for a non–sputum-based triage test for TB diagnosis. We suggest that further validation is required before clinical implementation of the 11-gene signature we have identified markers will be possible.




Keywords: transcript signature, protein signature, tuberculosis, adult, non-sputum



Introduction

Tuberculosis (TB) is one of the top 10 causes of death worldwide and the single infectious pathogen responsible for the most deaths–even after the emergence of the covid-19 pandemic. In 2018, a total of 1.5 million lives were lost to TB (1), and the goals of the End TB Strategy; to achieve a 90% reduction in TB incidence and a 95% reduction in TB mortality by 2035, are challenging (2). Much of the mortality attributed to TB occur in low-resource settings, so effective diagnostic tests applicable in these settings are essential to meet these goals. The WHO has defined the performance and operational characteristics of tests applicable for primary care or at the point-of-care (POC) in its high-priority target product profiles (TPPs) (3). To meet the TPPs, a rapid biomarker-based test would ideally be i) instrument-free or feasible with limited instrumentation and ii) based on easily accessible samples such as blood, urine, or breath (4).

In recent years, efforts have been made to identify which of the diagnostic needs should be of highest priority for biomarker-based assays balancing efficiency, affordability, and access in high-endemic limited resource settings (3, 5). The top priority is a rapid biomarker-based, non-sputum POC test i) to detect TB disease and guide immediate initiation of TB treatment, thus avoiding loss of cases from diagnostic delay (3, 5), and ii) for triage, ruling out TB disease with high sensitivity, allowing targeted referral to more expensive and accurate confirmatory tests (6). Ideally, such POC tests would perform satisfactorily with pulmonary and extrapulmonary disease in both children and adults regardless of HIV coinfection (7). In recent years, there have been exciting developments, including sputum-based and non-sputum-based TB diagnostics. However, the Lipoarabinomannan (LAM) test, which detects M. tuberculosis (Mtb) complex LAM in urine, is hitherto the only non-sputum test endorsed by WHO.

Over the past few years, the search for host biomarker(s) or biosignatures has gained increased attention in attempts to develop companion diagnostic platforms (8–20). Although expensive and resource-demanding, genome-wide analyses of transcriptomes offer unbiased identification of genes and immunologic pathways relevant for the understanding of TB pathogenesis, and risk of progression to disease (21–23). In the search for a unifying signature, a landmark study by Sweeney et al. (24) using data from publicly available human genome repositories, identified a 3-gene signature (3-gene TB score) derived from three discovery datasets of adults, that separated subjects with TB from healthy controls, Mtb infection, and other diseases in validation datasets of children and adults. However, the mean diagnostic accuracy obtained in the validation sets did not meet initial WHO criteria for a diagnostic POC test. Subsequently, Warsinke HC et al. (25) evaluated the performance of the 3-gene TB score in three different TB cohorts (25–27) and found that outcomes approached the WHO TTP benchmarks for a non-sputum-based triage test, with a high negative predictive value. Further, a very recent study evaluated 27 eligible identified signatures in a systematic meta-review, from which four signatures (Sweeney3, Kaforou25, Roe3, and BATF2) fulfilled the WHO minimum diagnostic accuracy parameters required for a TB triage test (28).

Genome-wide analysis of transcriptomes has been applied as a first step in identifying markers with potential for subsequent refinement as POC tests (12). To simplify the search for transcriptional signatures with diagnostic relevance in TB, we applied a user-friendly and inexpensive technique; the dual-color-Reverse-Transcriptase-Multiplex-Ligation-dependent-Probe-Amplification (dc-RT MLPA). In addition, a Mesoscale discovery assay was applied for protein analysis. The present study aimed to: i) Identify transcriptional and proteomic signatures with the ability to distinguish pulmonary TB (PTB) from household controls. ii) Validate the identified transcriptional signature in an independent cohort from the UK (17) comprising adult TB patients and healthy household contacts with/without Mtb infection as well as in the South African Catalysis Treatment Response Cohort (CTRC) (27) comprising adult TB patients, subjects with other lung diseases, and healthy controls. iii) Investigate the performance of the signature in adult TB patients identified in the present study in a recently-described pediatric population (11). iv) Compare the diagnostic abilities of the previously identified 10-gene signature (11) for pediatric PTB in the present adult study population.



Materials and Methods


Ethical Consideration

Ethical approval for this study was obtained from the Institutional Ethical Review Board (IERB) of St. John’s Medical College, Bangalore (IERB/1/527/08). The material transfer agreement between St. John’s Medical College, Bangalore, and the University of Bergen, Norway was obtained from the Department of Biotechnology, Government of India (No.BT/Med.II/Adv (SS)/Misc./02/2012). Ethical approval was also obtained (Ref no: 2018/1614 D) from the Regional Committee for Medical and Health Research Ethics, Western Norway.



Study Population

A prospective cohort study of adult PTB index cases and their household contacts were conducted in Palamaner and Kuppam Taluks, Chittoor district, Andhra Pradesh, India (3.200°N, 72.7500°E, altitude 683 m) between September 2010 and April 2012. In total, 176 index cases were identified at the microscopy centres of the Revised National Tuberculosis Control Program (RNTCP) (Government of India). Of these, 164 were recruited following written informed consent, and 150 had confirmed TB (presence of Mtb in sputum smear and/or culture) with/without abnormal chest X-rays. All were treated with standard anti-TB treatment (ATT) and followed until the end of the 6-month ATT course. Household contacts of the 176 index cases were asked to participate and 525 household contacts recruited following written informed consent were followed for one year. For all children parents/guardians gave their written informed consent to participation. For participants >7 years, an additional written assent was obtained.



Clinical Assessments and Sampling

Baseline Assessments of PTB Index Cases and Household Contacts: Medical History (including BCG vaccination status, history of TB exposure, prior TB/TB treatment and habitual risk factors), demographic, anthropometric, and clinical data were recorded. At baseline, a tuberculin skin test (TST) was performed by a trained nurse (2 TU/0.1 ml of tuberculin; Span Diagnostics, Surat, India) and read after 48–72 h; an induration ≥10 mm was defined as positive. Three independent radiologists interpreted the chest X-ray (anteroposterior view) at baseline. Agreement by at least two radiologists was required for a conclusion of findings suggestive of TB. Although not a pre-requisite for participation, HIV testing was performed in consenting subjects following pre-test counseling.



External Validation Cohort

Gene expression data from the Singhania A et al; GSE107994 (an independent cohort of PTB and close contacts of household at the Glenfield Hospital, University Hospitals of Leicester NHS Trust, Leicester from UK) (17) and Thompson EG et al; GSE89403 (CTRC from South Africa) (27) data sets were used for external validation. The normalized log 2 data were back-transformed and multiplied by 100, to match the expression level with the dcRT-MLPA assay).

Gene expression data from our previous pediatric TB cohort (11) was used for validation. In addition, the 10-gene signature originally identified in the pediatric cohort (which consists of TB cases and asymptomatic TB-exposed household controls) was evaluated in the present adult PTB study cohort.

For the external validation, no proteomic data from TB-antigen (ag) stimulated QuantiFERON (QFT) supernatants were available for the proteomic signature evaluation.



Sample Collection, RNA Extraction, and Selection of Transcriptional Biomarkers

Peripheral whole blood (approx. 2.5 ml) was drawn into PAXgene blood RNA tubes (PreAnalytiX, Hombrechtikon, Switzerland) and stored at -80°C until RNA extraction (PAXgene Blood RNA kit; PreAnalytiX, Hilden, Germany). Total RNA concentration and purity were measured using a Nanodrop spectrophotometer (Thermoscientific, Wilmington, DE, USA) and ranged between 0.4 –13.2µg (average 3.8 ± 1.65µg).

A total of 198 genes (including 4 housekeeping genes), distributed in 3 panels were assessed, based primarily on their posited or confirmed roles in TB immunology; the first 48-gene set (identified by the partners in the Bill and Melinda Gates Foundation Grand Challenge project #6 consortium) has been described in our previous studies (10, 13). The second 92-gene set included genes known to be involved in general inflammation and myeloid cell activation, and genes involved in the adaptive immune system, comprising Th1/Th2-responses, regulatory T-cell markers, and B-cell associated genes. The third 58-gene set included type 1-interferon-inducible genes (21) known to be up-regulated in adult TB and genes associated with prediction of TB risk in South African neonates (29). In total, thirty genes were present in more than one panel. For the 30 repeated genes that were present in more than one panel, geometric mean expression was used as done in our previous studies (11, 30). In total, there were 145 unique genes were analyzed and presented in the Supplementary Table 1 (11, 30).



Dual-Color-Reverse-Transcriptase-Multiplex-Ligation-Dependent-Probe-Amplification (dcRT-MLPA)

For each target sequence, a specific RT primer was designed, located immediately downstream of the left- and right-hand half-probe target sequence. A total of 125 ng RNA was used for reverse transcription, applying MMLV reverse transcriptase (Promega, Madison, WI, USA), followed by hybridization of left- and right-hand half-probes to the cDNA at 60° C overnight. The remaining steps were performed as described elsewhere (13, 31). All 158 samples were run in two (96-well) plates for each of the gene panels. The PCR fragments were analyzed on a 3730-capillary sequencer in Gene scan mode (Life Technologies, Carlsbad, CA, USA), using GeneMapper version 5.0 (Life Technologies, Carlsbad, California, USA). Primers and probes were obtained from the Department of Infectious Diseases, Leiden Medical University, the Netherlands. GAPDH was used for normalization.



Multiplex Cytokine/Chemokine Assays

Biomarkers at the proteomic level were analyzed in peripheral whole blood stimulated with a mixture of Mtb-specific antigens (e.g., QFT supernatants): Early Secretory Antigenic Target-6 (ESAT-6), Culture Filtrate Protein-10 (CFP-10) and TB antigen 7.7. A pilot study was conducted on 12 randomly selected baseline samples from TB Cures (n = 4), Treatment Failures (n = 4) and household controls (n = 4) using the V-plex human pro-inflammatory, cytokine, and chemokine panels from Meso Scale Discovery (MSD, Rockville, Maryland, USA) according to the manufacturer’s instructions. Six of ten biomarkers from each panel [pro-inflammatory panel (IL1β, IL10, IL4, IL12p70, IFNγ, and TNFα), cytokine panel (GM-CSF, IL15, IL17A, IL5, IL7, and VEGF), and chemokine panel (Eotaxin3, IL8, IP10, MCP1, MDC, and MIP1β)] were analyzed. The analysis of biomarkers at the proteomic level has been described elsewhere (30).



Data Analysis

Patient characteristics were summarized using mean and minimum/maximum or count and percentage, as appropriate. TB disease and household controls were compared using the Mann-Whitney test, Pearson’s chi-square test with Yates Continuity Correction, or Fisher’s exact test, as appropriate.

Both PTB cases (n = 48) and age-matched household controls irrespective of Mtb infection status (n = 49) were randomly divided into a training set (2/3), and a test set (1/3). Signatures were identified by means of a two-step approach previously used for biosignature identification (11). In short, the approach consisted of 1) univariate feature selection analysis using logistic regression, selecting markers by applying stringent p-value (p<0.01), and LASSO regression analysis based on the markers identified in step 1. The resulting LASSO model fits provided estimated coefficients (not reported in the present study, see Sivakumaran et al. (30) for an example). The model fits also enabled prediction of the probability of being a PTB for each participant. A predicted probability of >0.5 resulted in classification as a PTB case and <0.5 resulted in classification as a control. This model-based classification was compared to the actual “true” classification of participants and the number of correctly classified participants could be identified. Specifically, the predictive abilities of the signatures (to classify participants correctly) in both training and test set were summarized by means of receiver operator characteristic (ROC) curves, specifically sensitivity, specificity, and area under the curve (AUC). Analyses were carried out using R (R Core Team) (32) through the graphical user interface RStudio (www.rstudio.com).




Results


Baseline Clinical Characteristics of the PTB Index Cases

Blood samples at baseline were obtained from 109 of the 150 participants with confirmed TB, but only 48 were collected before ATT initiation and thus selected for further biomarker analysis. The remaining PTB (n = 61) cases were stratified based on timepoint for sample collection after ATT initiation (≤72 or >72 h) and analyzed separately (Figure 1). In the training set, the mean age was 43.9 years in PTB cases (range: 19–70) and 35.7 years in household controls (range: 18–80), and in the test set, 46.5 years in PTB cases (range: 19–69) and 38.2 years (range: 19.5–65) for household controls. In the training set, males constituted 90.6% (29/32) of PTB cases, and 31.3% (10/32) of household controls (p<0.001); in the test set, males constituted 75.0% (16/17) of PTB cases and 23.5% (4/17) of household controls (p<0.01; Table 1). Further baseline characteristics are shown in Table 1.




Figure 1 | Study flow chart. PTB, pulmonary tuberculosis; ATT, anti TB therapy.




Table 1 | Baseline characteristics of discovery data sets.



The mean age of the UK cohort was 40.3 (range: 20–75), 39.6 (range: 16–72), and 35.2 (range: 16–79) years for PTB, healthy Mtb infected household contacts, and contacts, respectively. Males constituted 67.9%, 57.1%, and 60% of each cohort. For PTB cases in the CTRC cohort the mean age was 33 years (range:: 17–66) and males constituted 65.0%.



Identification of an 11-Gene Signature

The mean expression of unique 145 transcriptional biomarkers (in arbitrary units) are shown in Supplementary Table 1. We identified an 11-gene signature, comprising CASP8, CD3E, CD8A, CD14, GBP5, GNLY, NLRP2, NOD2, TAGAP, TLR5, and TNF (Table 2A) able to distinguish PTB cases from household controls with an AUC of 0.99 and 0.98 in the training and test sets, respectively (Table 3A).


Table 2A | Expression and regression coefficients for each biomarker of the identified 11-gene signature.





Table 2B | Expression and regression coefficients for each biomarker of the identified 4-protein signature.






Table 3A | Identification and performance of 11-gene signature.





Table 3B | Identification of 4–protein signature.




Subsequently, we tested the performance of this 11-gene signature in PTB index cases ≤72 h and >72 h after ATT initiation as prior work suggested that in some cases gene expression can change significantly within first week of treatment (33). In this case, the results showed that ≤72 h after ATT-initiation, the TB cases had a similar, or marginally lower AUC (0.97, 95% CI, 0.94–1.00) compared to the >72 h ATT-initiated TB cases (AUC = 0.99; 95% CI, 0.99–1.00).



Evaluation of the Identified 11-Gene Signature in Other Data Sets


Study 1: Singhania A et al.; GSE107994 Adult Data Set

The performance of the 11-gene signature was then evaluated in the GSE107994 data set (UK cohort as validation set 1 and 2), which provided an AUC of 0.95 (95% CI: 0.91–1.00) correctly classifying 41 of 53 PTB (sensitivity 77.4%, 95% CI, 63.5–87.3), and 46 of 50 healthy Mtb-uninfected household contacts (specificity 92.0%, 95% CI, 79.9–97.4). Similarly, the 11-gene signature differentiated PTB from Mtb-infected household contacts with an AUC of 0.94 (95% CI: 0.89–0.98), with a specificity of 89.8% (95% CI, 77.0–96.2; Table 3A and Figure 2).




Figure 2 | ROC curves for signature that distinguishes PTB from household controls in the training set, test set, whereas in validation set 1 (ATB vs. healthy recent contacts) and validation set 2 (ATB vs. LTBI).





Study 2: Thompson EG et al.; GSE89403 Adult Data Set

The performance of the 11-gene signature was also evaluated in the GSE89403 data set (South African CTRC as validation set 3 and 4), where it gave an AUC of 0.93 (95% CI: 0.87–0.99) correctly classifying 50 of 95 PTB cases (sensitivity 52.6%, 95% CI, 42.2–62.8), and 20 of 21 healthy controls (specificity 95.2%, 95% CI, 75.1–99.7). Interestingly, given the real-life diagnostic challenges faced in differentiating TB patients from other symptomatic patients, the 11-gene signature differentiated PTB from other lung diseases with an AUC of 0.73 (95% CI: 0.56–0.89), with a specificity of 82.4% (95% CI, 55.8–95.3; Table 3A and Figure 3).




Figure 3 | ROC curves for signature that distinguishes PTB from household controls in the training set, test set and in validation set 3 (PTB from healthy controls) and validation set 4 (PTB from other lung diseases).





Study 3: JE Gjøen et al.; Pediatric Data Set

Finally, the performance of the 11-gene signature was evaluated in a pediatric data set collected previously by our group (validation set 5), presented an AUC of 0.69 (95% 0.57–0.80), which correctly classified 17 of 47 PTB (sensitivity 36.2%, 95% CI, 23.1–51.5), and 34 of 36 household controls (specificity 94.4%, 95% CI, 80.0–99.0; Table 3A and Figure 4A).




Figure 4 | ROC curves for signature that distinguishes PTB from household controls (A) the training set, test set, validation of adult 11-gene signature in the pediatric population and (B) the training set, test set, validation of pediatric10-gene signature in the adult population.






Evaluation of Our Pediatric 10-Gene Signature in the Adult TB Population in the Present Study

As the 11-gene signature identified in adults performed poorly in children, we asked if our previously identified diagnostic 10-gene pediatric signature would perform better in our adult PTB cases, but the AUC of 0.70 (95% CI, 0.60–0.80) obtained was similar to validation set 5 (Figure 4B).



Identification of Proteomic Signature

The median concentration (pg/ml) of the 18 protein biomarkers measured are shown in Supplementary Table 2. We applied Lasso regression analysis directly on data from the 18 protein biomarkers tested, and identified a 4-protein signature, comprising IFNγ, GMCSF, IL7, and IL15 (Table 2B) that differentiated PTB from healthy household controls with an AUC of 0.96 (95% CI, 0.92–1.00) in the training set, correctly classifying 28 of 32 PTB cases (sensitivity 87.5%, 95% CI, 70.1–95.9), and 29 of 32 household controls (specificity 90.6%, 95% CI, 73.8–97.5). In the test set, the identified signature generated an AUC of 0.87 (95% CI, 0.75–0.99), correctly classifying 11 of 16 PTB cases (sensitivity 68.8%, 95% CI, 41.5–87.9), and 16 of 17 household controls (specificity 94.1%, 95% CI, 69.2–99.7; Table 3B and Figure 5).





Figure 5 | ROC curves for protein signature that distinguishes PTB from household controls in the training set and test set.



Similarly, we tested the performance of the 4-protein signature in the ATT-initiated participants vs. household controls. PTB cases initiated on ATT ≤72 prior to sampling had a slightly higher AUC value (0.89, 95% CI, 0.81–0.97) compared to PTB cases initiated on ATT >72 h prior to sampling (AUC = 0.88; 95% CI, 0.75–0.99).




Discussion

An ideal diagnostic biomarker or multiple marker biosignature for TB could be either pathogen- or host-derived and should be specific to the underlying disease process (4, 34). Several transcriptional signatures based on testing in different ethnic populations have been proposed for this purpose by numerous research groups (14, 17, 21, 24, 35, 36). However, limited overlap in genes differentially expressed between PTB and household controls have been found when comparing these signatures. A recent meta-analysis identified eight signatures with an equivalent performance that showed moderate to high correlation for diagnosing incipient TB. Overlapping constituent genes only partially accounted for correlation between signatures, suggesting that they reflect different dimensions of the typical host response to infection with Mtb, and strongly supported the identification of IFN and TNF signaling pathways as statistically enriched upstream regulators of the genes across the eight signatures (37). Several attempts have been made to reduce the large number of genes identified by these studies as potentially relevant into smaller candidate signatures that could form the basis of a potential clinical diagnostic. However, there is still no agreement as to which genes to include in an optimal diagnostic signature.

In this study, we report that our 11-gene whole blood transcriptomic signature gave promising diagnostic performance across diverse populations (India, UK, South Africa) from both low-endemic and high-endemic countries, based on a capacity to distinguish PTB from household controls with an AUC ≥ 0.93. However, the 11-gene signature was less successful in efficiently discriminating TB disease from other lung diseases. The evaluation of this 11-gene signature in the UK-derived cohort indicated reasonable diagnostic accuracy (> 80.0, Table 3) for the identification of PTB. However, in the CTRC cohort, the performance of the 11-gene signature was lower. Aiming for a POC triage test to ascertain targeted referral of symptomatic subjects in the field, this shortcoming in accuracy can to some extent be overcome by clinical algorithms that include reassessment and referral of subjects with lack of improvement from assumed intercurrent infections (with or without antibiotics dependent on clinical presentation). The reasons for discrepancy between the two cohorts are likely multifactorial reflecting differences in ethnicity, sample size, mean age (in years) and lack of other lung disease controls in our cohort. The transcriptional signature identified in the present study meets WHO TTP minimal requirement for a screening test, but further evaluation will be required before clinical implementation is possible.

Warsinske HC, et al. (25) have analyzed the performance of the 3-gene TB score (GBP5, DUSP3, and KLF2) in three different TB cohorts. i) South African adolescent cohort of TB progressors (age in years, 12–18): those who progressed from latent Mtb infection to PTB compared with non-progressors (26), ii) Brazil Active Screening Study Cohort (age in years, 18–80): all positive sputum culture for Mtb compared with controls that were sputum culture-negative (25), iii) South African CTR Cohort (age in years, 17–66): comprises culture-positive patients with PTB, healthy controls, and patients with other lung diseases (pneumonia or asthma). PTB patients all received standard treatment following diagnosis (27). Across all three cohorts, at a TB disease prevalence of 4%, the 3-gene TB score identified TB patients with a 90% sensitivity, a specificity of 70%, and a negative predictive value of 99.3% (25). Notably, the GBP5 gene was also up-regulated and is included in our pediatric 10-gene and adult 11-gene signatures. Besides, GBP5 was also reported previously by Esterhuyse MM (38) and Zak DE (26) et al. These findings suggest that GBP5 could be a potential component in a unified biomarker signature for TB.

Previous studies have identified different transcript signatures for distinguishing TB from latent TB and other diseases in Malawian and South African pediatric (35) and adult (14) cohorts, which could highlight the differences in pathogenesis of adult versus pediatric TB. This is consistent with the findings from the present study where the adult biosignature’s poor performance in the pediatric cohort and vice versa suggests that it may be challenging to find a universally-applicable POC triage test for TB. This is despite the fact that the differentially expressed genes (whether down or up-regulated) showed the same trend in both pediatric and adult populations. Despite decades of research, significant investment, and numerous reports on new biomarker candidates, few biomarkers have been independently validated for both clinical trials and routine clinical use, and translated into new diagnostic tests (39, 40). This problem is not unique to TB; it is true for biomarker research in general that very few of the identified biomarkers have advanced to approved diagnostic tests in clinical use.

Interestingly, 3 genes do overlap (GBP5, NOD2, and CD3E) between the pediatric 10-gene signature and the adult 11-gene signature. Of these, two genes were up-regulated (GBP5 and NOD2) and one gene down-regulated (CD3E) in PTB disease compared to household controls. Notably, both signatures were identified in an Indian population recruited from the same area when applying the same dcRT-MLPA method. This method is sensitive, and has high-throughput, but gives limited transcriptional data compared to RNA sequencing. This may explain some of the lack of overlap with transcript signatures identified in other studies, as not all genes of interest reported in other studies were included in our pre-defined gene panels.

In recent years, there have been more studies attempted to identify protein signature for TB disease in adults (9, 18, 41, 42) and children (43). A recent study hypothesized that a blood protein-based host response signature for active PTB could discriminate it from other TB-like disease (OTD) in adult patients with persistent cough and provide the foundation for a community-based triage test for PTB. The study identified a host blood protein signature consisting of IL-6, IL-8, IL-18, and VEGF, that discriminated active PTB from OTD with an AUC of 0.80, corresponding to a sensitivity of 80% and a specificity of 65% (41). The present study also identified a 4-protein signature (IFNγ, GMCSF, IL15, and IL7) in TB-ag stimulated QFT supernatants that distinguishes PTB patients from their household controls with AUCs ≥ 0.87, providing proof of concept for a protein-based approach.

The present study has some limitations: i) No formal sample size calculation was carried out since the maximum sample size was defined by the availability of samples for biomarker analysis, a factor exacerbated by the need to divide the samples into training and test sets. To some extent, however, this limitation was offset by the use of multiple validation cohorts, as described; ii) Lack of validation in extra-pulmonary TB cases—a population in which non-sputum based diagnostics are strongly needed; iii) Inability to cross-validate the identified proteomic signature due to the lack of comparable samples from other cohorts. Although host-response-based diagnostics are believed to be less dependent on bacterial load, an obvious advantage for TB diagnosis, it is unclear if these tools can be further optimized to meet the WHO target for a universally applicable POC test. With the increasing number of blood-based signatures for TB diagnosis being proposed, it is crucial to pool data across cohorts’ diverse in geographic, genetic, demographic and endemic characteristics in order to diminish time and costs for POC test evaluation with regard to the WHO TPP, and subsequent validation prior to translation to clinical practice.
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Tuberculosis (TB), caused by Mycobacterium tuberculosis (Mtb), is still a major threat to mankind, urgently requiring improved vaccination and therapeutic strategies to reduce TB-disease burden. Most present vaccination strategies mainly aim to induce cell-mediated immunity (CMI), yet a series of independent studies has shown that B-cells and antibodies (Abs) may contribute significantly to reduce the mycobacterial burden. Although early studies using B-cell knock out animals did not support a major role for B-cells, more recent studies have provided new evidence that B-cells and Abs can contribute significantly to host defense against Mtb. B-cells and Abs exist in many different functional subsets, each equipped with unique functional properties. In this review, we will summarize current evidence on the contribution of B-cells and Abs to immunity toward Mtb, their potential utility as biomarkers, and their functional contribution to Mtb control.
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INTRODUCTION

Tuberculosis (TB), caused by Mycobacterium tuberculosis (Mtb), remains a significant health threat to mankind and is undoubtedly the most successful disease caused by a single infectious agent ever (1). TB killed ~1.5 million individuals in 2018 alone, and a total of around 1,000,000,000 people over the last 200 years (2, 3). In fact, approximately one-fourth to one-third of the world's population is infected with Mtb, giving rise to an estimated 10 million new cases annually (2). Mtb-infection leads to a spectrum of infectious states ranging from various levels of asymptomatic states, collectively referred to as latent tuberculosis infection (LTBI) and to a spectrum of active tuberculosis diseases (ATB), ranging from local to pulmonary to disseminating ATB (4, 5). About 5–10% of individuals with LTBI will progress to ATB during their lifetime; the remainder is able to contain the infection lifelong unless immunosuppressed, such as by coinfecting viruses [e.g., human immunodeficiency virus (HIV)] or iatrogenically (1, 6–8). These data highlight the high level of adaptation of Mtb to infect, and survive in the human host (7).

TB control is hampered by the lack of an effective vaccine: the efficacy of the only available vaccine, Mycobacterium bovis Bacillus Calmette-Guérin (BCG), ranges from 0 to 80% (9). A much better understanding of the (protective) immune response to Mtb, the mechanisms by which Mtb manipulates the host response and the identification of robust correlates of protection are all urgently needed to combat this deadly infection.

Large scale, unbiased approaches using advanced -omics technologies analyzing blood samples have been performed over the last decade and identified biomarkers associated with the different disease stages of TB, i.e., which could differentiate LTBI from ATB. In addition, biomarkers for the risk of progression from LTBI toward ATB were uncovered in several large prospective studies (8, 10–15). A frequently appearing transcriptional biomarker which was often a component of signatures able to distinguish ATB from LTBI was FCGR1A, a gene encoding the activating high-affinity crystallizable fragment (Fc) gamma receptor I (FcγRI; CD64) (15–22). Fc-Receptors (FcRs) potentially can engage antibodies (Abs) that have opsonized Mtb, and thereby impact mycobacterial survival. Furthermore, in many transcriptomic studies also components of the complement pathway were identified, predominantly transcript-markers from the classical pathway, that were differentially expressed in the blood of ATB compared to LTBI: in particular Complement component1qB (C1QB) and C1QC were higher expressed, and in support of this, serum C1q-protein was found to be a diagnostic biomarker for ATB (18, 20, 23–25). More recently, it was reported that the combined measurement of serum C1q and whole blood type-1 interferon (IFN) signature might help improving the diagnosis of ATB (26). Together, these studies hint to the potential influence of humoral immune components in TB, including innate and possibly also adaptive humoral immunity. Indeed, in support of this initial data, B-cells and Abs were later proposed to correlate with protective immunity against TB (4, 6, 27–31). This review will explore the role and possible utility of B-cells and Abs as biomarkers of immune protection against Mtb.

As a facultative intracellular bacterium that residues primarily in lung alveolar macrophages, the vast majority of TB research efforts has traditionally focused on understanding cell-mediated immunity (CMI) [reviewed in Cooper (32), Lin and Flynn (33), Ottenhoff (34), North and Jung (35)]. By contrast, the role of B-cell- and antibody-mediated immunity (AMI) in TB has remained understudied for decades. This was due to the historical dogma, established in the early twentieth century, that postulated that host defense against intracellular pathogens is mediated by CMI, whereas the response to extracellular pathogens is mediated by Abs produced from B-cells (4, 7, 36–39). B-cells, however, do not only produce Abs, they are also competent antigen (Ag)-presenting cells (APCs), and produce a wide range of cytokines. All of these B-cell properties can influence the function of a broad range of other immune cells, including T-cells, macrophages, neutrophils and dendritic cells in their response to pathogens (7, 37). AMI combats extracellular pathogens via various mechanisms, such as viral and toxin neutralization (e.g., neutralizing extracellular microorganisms or their products), opsonization (e.g., facilitating bacterial phagocytic uptake by, and recruitment of neutrophils) and complement activation, which can further enhance opsonization and bacterial lysis, but also phagocytosis through complement receptors (40, 41). The effector mechanisms used by specific Abs to remove pathogens is dependent on a variety of features, which include Ag specificity, Ab isotype and subclass, as well as post-translational modifications, like glycosylation (42) (Figure 1).
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FIGURE 1. Analysis of B-cells and antibodies (Abs) during Mtb infection, disease and vaccination not only as potential biomarkers, but also as potential functional contributors in the combat against Mtb. Infection with or vaccination against Mtb may activate B-cells as key players, however, different stages of infection may affect B-cell function differentially. The level of detail during assessment is critical as B-cells, as well as antibodies exist in multiple different varieties. The contribution of B-cells and Abs to disease outcome depends on their localization. Finally, it is important to assess their function rather than only enumerate or quantify their frequencies to obtain insights in their Mtb clearing capacity.


As Mtb is an intracellular pathogen, Mtb-specific Abs were classically considered to be unable to gain access to phagosomal Mtb bacilli (43). However, several experimental studies in recent decades have shown that B-cells/AMI can contribute to protective immunity, or at least considerably influence host defense, against pathogens with a preferred intracellular niche, such as Chlamydia trachomatis (44, 45), Salmonellae (46–48), Ehrlichia chaffeensis (49), Leishmania major (50), Leishmania amazonensis (51), Leishmania panamensis (52), Cryptococcus neoformans (53, 54), Coxiella burnetii (55), Trypanosoma cruzi (56), Francisella tularensis (57), and Plasmodium chabaudi chabaudi (58). Similarly, proof that B-cells and certain Abs can modulate TB disease is gradually accumulating as discussed in this review and previously elsewhere (7, 29–31, 37, 59–64). The evidence for a contribution of B-cells and antibodies to Mtb clearances varies greatly, which variability may be partly the result of genetic or environmental differences in study populations, which are in particular present in the diverse populations studied in the context of TB, which supports the need of more global assessment of effector responses, including humoral responses. Moreover, although studies in experimental animals have been highly informative, the immune system, including the B-cell compartment, differs amongst species and cannot be completely extrapolated to human infectious diseases. Therefore, a more comprehensive unbiased approach to investigate the functional involvement of cellular immunity, B-cells and humoral immunity, their relative importance, as well as their interconnections in protective immunity against Mtb could enhance our understanding of host defense in Mtb and ultimately might translate into the development of more efficacious therapeutic and preventive tools.



THE ROLE OF B-CELLS IN HOST-DEFENSE AGAINST MTB

The contribution of B-cells and Abs to immunity against Mtb has been investigated for over 100 years, but results have been inconsistent and sometimes even contradictory (64, 65). A plethora of human and animal studies has suggested though that B-cells and Abs contribute to resolution of TB (Figure 1).

In the past two decades, several studies have reanalyzed the role -protective, neutral or detrimental- of B-cells in TB, using various experimental murine TB-models, including B-cell deficient mice. Some of the results were not in full agreement or even contradictory, with reports showing reduced immunity, delayed dissemination, or even marginal or no detectable effects following genetic deletion (66–73). Both short-term (72) and long-term (70, 71) aerosol infections using virulent Mtb-strain H37Rv (72), Erdman strains (70) or clinical isolate CDC 1551 (71) [with inocula of ~50-100 (70, 71) or 100–1,000 (72) viable bacilli per lung], showed no detectable differences in lung bacterial loads in wild type (WT) vs. B-cell deficient mice. Conversely, studies administering a higher intravenous (73) or intrabronchial (69) dose of Mtb, 106 Mtb H37Rv (73) or four to eight colony forming units of Mtb Erdman (69), respectively, reported an augmented susceptibility to infection, as measured by tissue bacterial burden, in B-cell deficient compared to control mice. Adoptive transfer of B-cells reversed the increased lung immunopathology in B-cell knock-out mice, demonstrating a contribution of B-cells to the control of Mtb (69). In concordance, a high-dose aerosol infection murine TB-model reported exuberated pulmonary pathology with enhanced pulmonal neutrophil recruitment in B-cell deficient mice (67). This study additionally showed that subcutaneous BCG-vaccination elicited an impaired Th1 response in the absence of B-cells. In another vaccination study, adoptive B-cell transfer did not augment anti-TB protection in B-cell knockout mice, but protection required the presence of T-cells (66). However, here the human adenovirus-based vaccine was a powerful T-cell activator that might have acted independently of B-cells.

Extending beyond mouse models, in a CD20+ B-cell depleted acute Mtb-infected cynomolgus macaque model, analysis of individual lesions revealed that some, but not all, lesions contained an increased mycobacterial burden and lower levels of inflammation compared to non-depleted animals (74). Thus, despite studies reporting a detrimental or neutral effect of B-cells on anti-TB immunity, there is also increasing evidence for B-cells in promoting optimal protection against Mtb. The contradictory data from studies in B-cell deficient mice may have resulted from differences in the dose and route of delivery, the phase of infection, the mycobacterial strain and the mice strains used (67–72) as was also previously discussed (7).



THE ROLE OF Abs IN THE HOST DEFENSE AGAINST MTB


Passive Transfer Studies

A major breakthrough in the immunology and treatment of infectious diseases was the discovery of serum therapy in the mid-1890s (65, 75). A comprehensive account of these early and later studies (from 1880 until mid-1990s) and their limitations was reviewed by Glatman-Freedman and Casadevall (65). Three passive polyclonal immunoglobulin (Ig)G or serum transfer studies provided support for the protective nature of immune serum against Mtb (76–78). Serum therapy with polyclonal Abs against Mtb effectively protected against disease reactivation in Mtb-infected severe combined immunodeficient (SCID) mice after partial treatment with anti-tuberculous drugs (77). In addition, human high-dose intravenous immunoglobulin (IVIg) administration to Mtb-infected C57BL/6, but not nude mice, induced a substantial decline in mycobacterial numbers in the lungs and spleen (78). Sera from some LTBI or highly exposed, but uninfected, healthcare-workers contained protective Abs as shown by serum transfer into mice challenged with aerosol Mtb (76). Thus, in spite of the mixed results obtained in the early passive transfer studies, newer reports underscore the protective capacity of some, but not all, sera and Abs against Mtb. These results call for detailed characterization of the precise properties of polyclonal Ab responses capable of reducing mycobacterial burden.



Monoclonal Antibody Therapeutic Studies

The development of the hybridoma technology in 1975 provided a tool to overcome the limitations of passive serum transfer with polyclonal Abs, through the production of monoclonal antibodies (mAbs). At the end of the 1990s, one of the first studies that generated mAbs against Mtb evaluated the capacity of three mAbs to influence the course of infection in mice that mainly displayed progressive TB disease (79). Only one mouse mAb, an IgG3 mAb (clone 9d8) specific for the mycobacterial capsular polysaccharide arabinomannan (AM), was able to prolong survival after Mtb challenge via improved tuberculous granulomatous containment of the pathogen (80). Since this pioneering study, several independent studies exploiting mAbs, including different isotypes, IgA (81–88), IgG1 (89), IgG2b (90), and IgG3 (91), against diverse mycobacterial Ags, such as α-crystallin (Acr) (81, 83–88), MPB83 (90), lipoarabinomannan (LAM) (89), and heparin-binding hemagglutinin adhesin (HBHA) (91), have additionally reported protective potential. Efficacy was evaluated by prolonged survival time (89, 90), reduced dissemination (91), diminished tissue pathology (83, 85, 87, 90) and decreased mycobacterial burden as assessed through colony-forming units (82–89). The antibody-isotype is critical for effector function as switching the constant region of the IgA monoclonal 2E9 to Acr abrogated the protective efficacy (81). Interestingly, adoptive transfer of IgA combined with IFN-γ had a strong effect on the bacterial load in a multi-drug resistant Mtb model in mice. Further passive transfer studies of mAbs preferably side-by-side, and including a BCG-immunized control group for referencing, are required to compare and validate the effects of Ab-mediated protection against the tubercle bacillus. Moreover, the development of human or humanized mAbs toward key Mtb epitopes might further define protective humoral responses with significant preventive and/or therapeutic potential.



Human Observational Studies

In addition to passive transfer and mAb therapeutic studies, insights were also obtained from human observational studies. A meta-analytic study in China showed that patients with X-linked agammaglobulinemia (XLA), a deficiency that results in the absence of B-cells and serum Igs, did not have an elevated risk to developing ATB (92). Likewise, patients with common variable immunodeficiency (CVID) did not have increased susceptibility to TB (93). However, these observations could be confounded by IVIg therapy given to most patients (92, 93). Moreover, an argument often used to argue against a significant role of Abs in the control of Mtb is that humans treated with Rituximab, a B-cell depleting anti-CD20 mAb, did not have an increased risk of reactivating TB (94, 95). Counter arguments, however, include that Rituximab has a limited depleting effect on CD20-negative Ab secreting plasma cells and is also not able to modify pre-existing Ab levels, thus not excluding that the absence of increased susceptibility seen in these patients might be the result of remaining Abs (94, 95). Moreover, Rituximab is mostly used in developed countries where TB-incidence and thus the risk of acquiring Mtb-infection is very low. In addition, patients about to start this treatment are routinely screened for LTBI and will first receive preventive antibiotic treatment before initiating anti-CD20 therapy. Hence, the argumentation that Rituximab does not induce an elevated risk on acquiring TB is not convincing.

While the first two studies described above (92, 93) provide an observational analysis in populations characterized by the absence of Abs, other studies have investigated the potential protective roles for Abs in Mtb containment more directly. Costello et al. reported that children from the United Kingdom and Southeast Asia with disseminated ATB disease had lower LAM-specific IgG serum-titers in comparison to individuals with localized ATB lesions (96). In agreement, the decrease in LAM IgG-titers from placentally transferred maternal IgGs until increased production of infant IgGs correlated with the peak incidence of disseminated ATB (96–98). Similarly, the absence of Abs binding to the mycobacterial 38 kDa Ag correlated with disseminated TB in children and TB-meningitis in adults (99). In addition, other serological studies have also found lower Ab serum-titers in both children and adults with extrapulmonary, active and/or disseminated TB (100–105). These human observational findings implicate that some Abs specific for particular Ags could contribute to Mtb control although causality cannot be established.




THE MECHANISTIC ROLE OF B-CELLS IN TB

Intriguingly, B-cells and Abs are not only detected in the circulation, but are also hallmarks of TB-associated granulomas, the highly organized structures formed in the lung to contain the bacilli. In particular, B-cells in the tuberculous lung have the ability to form aggregates that display features of germinal centers (GCs), bona fide organizational marks of secondary lymphoid tissues.


B-Cell Organization in Ectopic Germinal Center-Like Structures in Tuberculous Granuloma in the Lung
 
Structural Organization of Granulomas in Tuberculous Lungs

B-cells are components of the granulomatous lesions in the lungs of Mtb-infected mice (69, 106–111), non-human primates (NHPs) (112), and ATB patients (106, 110, 113, 114). A classical TB-granuloma contains a central region, which usually comprises Mtb-infected macrophages and can be infiltrated with neutrophils; can develop into necrotic with caseous cellular debris, or alternatively form mineralized lesions (7). Surrounding this necrotic center is a layer of foamy and epithelioid macrophages interspersed with Langhans giant-cells, which in turn is surrounded by an outer layer of lymphocytes scattered with macrophages (115, 116). At the periphery, B-cells form highly organized structures resembling B-cell follicles of secondary lymphoid organs, which are called tertiary lymphoid organs, ectopic lymphoid follicles or, if formed in the lung, inducible bronchus-associated lymphoid tissue (iBALT) (61, 117). These lesional B-cell aggregates are the predominant site of immune proliferation in the lungs of pulmonary ATB patients (114). Furthermore, immunohistochemical and flow cytometric characterization demonstrated the presence of peanut agglutinin and GL7 (two GC markers) expressing B-cells, CD68+ macrophages, central CD21+ follicular dendritic cells, CXCR5 (CXC chemokine receptor 5)+ inducible co-stimulator+ CD3+ T-cells (e.g., classical T follicular helper cell) and tissue expression of CXCL13 (CXC-chemokine-ligand-13) in these TB-ectopic aggregates (69, 106). Together, this indicates that B-cell follicles (BCFs) in the proximity of TB-granulomas are ectopic GCs at the cellular, molecular and structural level (117, 118) and are therefore, presumably, the product of lymphoid neogenesis, a highly complex process that occurs during chronic inflammation where GC-like structures are formed ectopically in non-lymphoid tissues [reviewed in Pitzalis et al. (118), Aloisi and Pujol-Borrell (119)].



Role of Ectopic B-Cell Follicles in Granulomas During Mtb-Infection

The impact of ectopic BCFs on the course of Mtb-infection is unclear (115, 117). Kondratieva et al. reported that an abolished lung granulomatous architecture had no effect on severity of Mtb-infection in mice (120). Likewise, Slight et al. claimed that BCF-formation does not control tubercle bacillary growth, but that formation of these follicles is merely a result of correct CXCR5+CD4+ T-cell localization within the lung-parenchyma (106). On the other hand, Maglione et al. have shown that B-cell deficient mice, lacking BCFs in the lungs, have abnormal granulomatous responses correlating with augmented pulmonary pathology and suboptimal bacterial control (69). Moreover, during Mtb-infection CXCR5+CD4+ T-cells accumulated within BCFs and locally produced proinflammatory cytokines required for effective macrophage activation and optimal bacterial control (106). Yet, in disordered BCFs associated with irregular CXCR5+CD4+ T-cell localization there was no protection against Mtb indicating a protective rather than deleterious role of organized BCFs (106, 110). In agreement, lung BCF formation in ATB-patients correlated with containment of lung Mtb-infection (121). In a murine TB-model, the presence of ectopic B-cell aggregates was associated with granuloma formation and prevention of Mtb dissemination (108). Mtb and host-specific triggers that engender protective vs. pathological outcomes for BCFs are just starting to be elucidated, but probably include Ag type, type and duration of the response induced, as well as the type of Ig-subclasses involved (117, 122). Likely Mtb factors are directly guiding the organization of the granulomas and their associated BCFs (115). Collectively, this suggests a potentially protective role for ectopic pulmonary B-cell follicles during Mtb-infection.




B-Cell Phenotypes and Frequencies During Mtb-Infection

The functional role of B-cells has mostly been investigated by assessing total B-cells, however, B-cells exist in multiple flavors, each with unique properties and contributions to the host immune response. Detailed assessment of these different roles may provide an additional level of depth in the understanding of B-cell function during TB (Figure 2A).
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FIGURE 2. Functional contribution of B-cells and Abs during Mtb infection. (A) B-cells may present mycobacterial antigens (Ags) as professional antigen presenting cells to T-cells resulting in T-cell activation and CMI. Moreover, B-cells, as well as activated T-cells, secrete cytokines that contribute to shaping of effector responses. Furthermore, B-cells can also have direct immunoregulatory functions and secrete Abs. (B) Ab binding to Mtb can initiate a multitude of different processes, each contributing in their own way to reduction of the mycobacterial burden. CMI, cell mediated immunity; ADCC, antibody dependent cellular cytotoxicity; ADCP, antibody dependent cellular phagocytosis.


Enumeration of B-cells during clinical TB has yielded contradictory results (116, 123–127). Significantly decreased B-cell frequencies were detected in the peripheral blood of ATB (116, 123–125) or LTBI (124) individuals compared to healthy controls. Others reported unaltered (124, 127), or even increased (126) B-cell frequencies in the blood of ATB. These conflicting data are likely the result from differences between study designs and groups of patients enrolled, varying by age, gender, ethnicity, form and severity of TB disease (61).


B-Cell Subsets During Mtb-Infection

Only few studies have assessed B-cell subset frequencies and relative changes during Mtb-infection (60, 116, 128–133). Patients with ATB and LTBI had, in comparison to healthy controls, elevated circulating populations of atypical (CD21−CD27− or IgD−CD27−) and activated (IgD−CD27+) B-cells, whilst the population of naïve (IgD+CD27−) B-cells was reduced in both patient groups (116). Atypical B-cells were not only increased in frequency, but where also functionally impaired with reduced proliferation, cytokine and Ab production. Upon successful antibiotic treatment, B-cell numbers and function were restored (116, 134). These frequency differences were confirmed in another study involving patients with ATB, other lung diseases, and following ATB-treatment (129). The circulating proportion of non-class switched marginal zone (CD19+IgM+CD27+CD23−) and class-switched mature (CD19+IgM−) B-cells was significantly lower in ATB-patients compared to other lung diseases, suggesting that Mtb-infection suppresses and/or exhausts B-cell effector functions, comparable to what has been observed in HIV-positive people (135). In contrast, memory B-cells (CD19+IgM−/+CD27++), plasmablasts (CD19+IgM−/+CD138+CD27+), memory-plasmablasts (CD19+IgM−CD138+CD27++) and circulating marginal zone (CD19+CD27+CD23−) B-cells were significantly increased at diagnosis compared to post-treatment, suggesting their potential utility as TB-treatment response biomarkers (129). A study comparing multi-drug resistant-TB patients with healthy controls revealed decreased rates of non-class switched memory (IgD+CD27+) B-cells and circulating plasma cells (CD19dimIgD−CD38+++CD27++), with increased numbers of circulating type-1 transitional (IgD+CD38++), CD69+ and Toll-like receptor 9 (TLR9)+ B-cells in the peripheral blood of multi-drug resistant-TB patients (131). Another study reported increased frequencies of marginal zone (CD19+CD21+CD23−) B-cells in QuantiFERON-TB Gold In-Tube test (QFN) positive compared to QFN-negative individuals (136).

Studies characterizing and enumerating B-cell phenotypes during TB not only analyzed the presence of various B-cell subpopulations in peripheral blood, but also in the lungs and pleural cavity. Approximately 85% of B-cells present in both unaffected and Mtb-infected mouse lungs expressed surface markers typical of follicular B-cells or B2-cells (e.g. CD19+B220high(hi)IgMlow(lo)IgDhi with the phenotype CD21/35+CD11b−CD1d−CD5−CD43−), whilst 15% exhibited a surface expression that is characteristic of antibody producing B1-cells (e.g. CD19+B220loIgMhiIgDloCD23−CD5−/CD5−) (128). In the lungs, the B1/B2 ratio was comparable between infected and uninfected mice. In the pleural cavity, however, progression of TB was associated with an elevated proportion of the B2-population (from 25 to 60%) (128).

Another important B-cell subset are regulatory B-cells (Bregs), which balance immune activation following inflammatory responses during infection. An increased frequency of CD19+CD1d+CD5+ Bregs in the circulation of ATB-patients coincided with increased inhibition of T-helper (Th) 17 responses and interleukin-22 (IL-22) generation, while Th1 responses remained unchanged (132, 137). The fact that this Breg-subpopulation was also present in healthy donors, but with decreased suppressive activity, suggests that CD19+CD1d+CD5+ Bregs have activity regulated in response to infection (137). Furthermore, patients with cavitary TB, a severe clinical manifestation of ATB, had increased numbers of CD19+CD1d+CD5+ Bregs in the peripheral blood in comparison to ATB-patients without cavitation (132). Thus, CD19+CD1d+CD5+ Bregs might dampen protective anti-Mtb effector responses, and indeed Mtb Ag-specific IL-22 responses during ATB-treatment were related to reduced CD19+CD1d+CD5+ Breg numbers (132).

Another type of Bregs includes a rare subset, called killer B-cells (CD19+CD5+IgM+), which are characterized by Fas-ligand (FASL, CD178) expression (138). Reduced levels of FASL transcript, a diminished incidence of FASL expressing B-cells and a lower level of soluble FASL were detected in the bronchoalveolar lavage (BAL) fluid of ATB-patients at diagnosis compared to the end of successful anti-TB treatment (139). The expression of FASLG and IL5RA was lower in ATB-patients compared to healthy controls, but upon anti-TB treatment, levels were completely restored (140). The frequency of FASL expressing B-cells was lower in whole blood from ATB-patients compared to healthy controls (138). FASL expressing B-cells were present during both ATB and LTBI, but the frequency of this Breg-subset was higher in LTBI and was even further elevated after B-cell re-stimulation with BCG (138). Thus, killer B-cells may contribute to protective immunity during Mtb-infection. Further work is required to decipher the exact role of killer B-cells during Mtb-infection.

Overall, these data implicate that the relative frequencies and function of B-cell subsets are affected during Mtb-infection, “protective” B-cell subsets are decreased in numbers, whilst potentially pathological B-cell subpopulations are increased during ATB-disease. Importantly, patients cured from ATB-disease have normalized B-cell numbers, with normal phenotype distributions and functional properties, indicating restoration of the responses.




B-Cell Modulation of Effector Cells During Mtb-Infection

B-cells are players in the formation of effective immune responses since B-cells are not only potent APCs, but also represent powerful producers of a wide range of cytokines and Abs (7, 37). All of these B-cell features can influence the function of a broad range of immune cells, such as T-cells, macrophages, neutrophils and dendritic cells.


B-Cells Guiding T-Cell Responses
 
B-Cell Antigen-Presenting Capacity as Modulator of T-Cell Immunity

The ability of B-cells to function as APCs may contribute to the orchestration of Mtb specific CD4+ T-cell immunity (60). Surprisingly, Ag presentation by B-cells during Mtb-infection has hardly been assessed (128, 141). In B-cell deficient mice, it was demonstrated that correct programming and induction of effector cells specific for Mtb Ags necessitated presentation of these particular Ags to CD4+ T-cells by B-cells (141). Moreover, aerosol challenge of genetically Mtb-susceptible I/St mice slightly increased the level of major histocompatibility complex-class II molecules on the surface of lung B-cells during Mtb-infection, and their efficacy to present Mtb Ags to CD4+ T-cells was comparable to that of their splenic counterparts (128). Importantly, the APC-function of B-cells during Mtb-infection appears to become progressively more relevant at lower Ag load, but likely superfluous at higher Ag loads (142, 143). The Ag-presenting potential of B-cells was also shown to increase vaccine-effectiveness (including TB-vaccines), and to strongly boost BCG primed immunity (144–146).



B-Cells and Their Cytokines as Powerful T-Cell Rheostats

B-cells isolated from lungs of Mtb-infected mice produced and released a wide range of cytokines (7, 37). In a cynomolgus macaque (Macaca fascicularis) model a role for granulomatous B-cells in producing IL-6 and IL-17 was discovered, and to a lower degree IL-10 and IFN-γ, during the acute phase of Mtb-infection (74). B-cell depletion, however, only resulted in diminished secretion of IL-6, but not IL-17 (74), suggesting functional cellular interactions for B-cells in lesions. In agreement with the ability of B-cells to produce IL-6, Linge et al. demonstrated that lung B-cells in I/St mice can secrete high to moderate levels of proinflammatory IL-6 and IL-11 when challenged with Mtb-strain H37Rv (128). Atypical B-cells with reduced production of intracellular IL-6 were isolated from the blood of both ATB and LTBI patients (116). Taken the diverse stages of TB disease into consideration, du Plessis et al. attempted to map the B-cell derived cytokine profile during LTBI (147). B-cells could produce both pro- and anti-inflammatory cytokines when stimulated with Mtb (or TLR agonists), including IL-1β, IL-10, IL-17, IL-21 and tumor necrosis factor-alpha (TNF-α) (147).

B-cells produce and release specific cytokines upon activation, and thereby a.o. shape (T-cell) immune responses against Mtb. Specifically, IL-1β and IL-6 have been reported to play a critical role in establishing and sustaining Th17-responses to Mtb (148–150). In addition, IL-6 directs differentiation of Th1-cells from naïve T-cells (151). Although the function of IL-11 in anti-Mtb immunity remains to be elucidated, in multiple sclerosis this cytokine is a potent stimulator of Th17 responses (152, 153). Moreover, IL-21 has been shown to play a critical role in T-cell immune responses against Mtb by enhancing CD8+ T-cell priming, increasing T-cell accumulation in the lungs and potentially by inhibiting T-cell exhaustion (148). Similarly, TNF-α has been shown to enhance T-cell responses through augmenting Ag-presentation and cross-priming (154). Furthermore, both TNF-α and IL-17 can regulate chemokine-expression and thereby modulate the recruitment and maintenance of immune cells, including T-cells, at the site of infection (155–157). In contrast, IL-10 can dampen Mtb-specific Th1 responses through inhibition of TNF-α and the Th1-polarizing cytokine IL-12 and human leukocyte antigen-class II expression, thereby limiting Ag-presentation, cross-priming and migration of Th1-cells toward the lungs (158–161). Collectively, these data point to an important role for B-cell produced cytokines in the generation and regulation of CMI to TB.






THE MECHANISTIC ROLE OF Abs IN TB

Besides their antigen presentation capacity and their ability to skew T-cell responses through cytokine secretion, B-cells are best known for their capacity to secrete Abs. Like B-cells, Abs exist in multiple isotypes and subclasses, each with distinctive functional properties, which are further diversified by post-translational modifications, representing an enormous functional potential for Abs in effector immunity toward Mtb (Figure 2B). TB disease, but not Mtb infection itself, may significantly alter the functional properties, including the avidity, of Abs against heterologous (162), reflecting modification of humoral responses by Mtb likely by altering B-cell function. In this chapter, we will focus on the Mtb specific responses.


Abs as Potential Biomarkers for Protective Immunity Against Mtb

“Natural immunity” against Mtb has recently been studied in various human “resistor” or “early clearers” cohorts, amongst which were health care workers (76), household TB contacts (163–165) and gold miners (166). These studies consistently identified that ~5–15% of the tested individuals in a TB-endemic region are resistant to acquire latent Mtb-infection as determined by tuberculin skin test (TST) or QuantiferonTB Gold (QFT) conversion (167). Genome-wide linkage analysis in a panel of South African families living in a hyperendemic area demonstrated that the locus called TST1 was associated with TST reactivity (168). A deep sequencing study showed preferential rearrangement of VH3-23-D3-3-JH4 fragments in IgA molecules in TST-negative nurses with long-term exposure to Mtb compared to their TST-positive colleagues (169). Moreover, healthy nurses in a TB ward had a strong Ab-response specific toward the TB69 epitope of the 14-kDa Ag, possibly linked to resistance to acquiring Mtb-infection (170). Individuals with persistent negative TSTs, despite years of exposure to ATB patients, had elevated anti-Mtb IgG levels, and their serum was able to block proliferation of peripheral blood mononuclear cells in response to protein purified derivative (PPD) (171). In concordance, highly exposed, but TST-negative, Colombian individuals displayed high anti-PPD Abs titers, which inhibited autologous T-cell proliferation after PPD stimulation (172). Abs specific for CFP-10 and ESAT-6 in QFT supernatants independently separated LTBI from ATB (173). More recently, Lu et al. reported that highly exposed, but TST- and IFN-γ release assay (IGRA)-negative, Ugandan individuals harbored Mtb-specific IgM and IgG, while diminished CD4-mediated IFN-γ responses directed toward Mtb early secreted Ag of 6 kDa (ESAT-6), 10 kDa culture filtrate protein (CFP-10), Ag85A and Ag85B were found (163). Taken together, these studies implicate that humoral immunity is detectable in frequently exposed individuals with persistently negative skin testing or QFN evaluation, which represent read-outs of effector T-cell responses. In such settings, Abs may be considered biomarkers of protective immunity.



Ab Effector Functions Against Mtb

Although Abs may be interesting biomarkers of Mtb-infection or resistance to disease progression, they may also contribute functionally to reduce bacterial loads. However, when considering a role in prevention of infection Abs need to localize to sites where the pathogen enters the host to inhibit, or contribute to early clearance of, infection. In addition, Abs need to trigger the right effector responses, therefore functional assessment rather than mere quantification is critical to evaluate the contribution of Abs to the immune response. Typically, Abs are located in both the upper and lower respiratory tract, where IgA dominates in the upper airways and IgG in the lower airways. It has been shown that human infection with Mtb resulted in mycobacterial specific IgA and IgG in BAL fluid (174, 175). Abs can bind Mtb-specific Ags at the site of disease (30, 60), such as the tuberculous granuloma where plasma cells have been demonstrated to secrete Abs (112), which could potentially interact with extracellular Mtb and/or free Mtb Ags present in the granuloma itself, or in the pleural fluid (112, 176, 177). In addition, Mtb is extracellular during its reinfection phase and during expectoration. Thus, in spite of being a facultative intracellular pathogen, Mtb is possibly susceptible to numerous mechanisms of AMI (6, 178). These comprise, but are not limited to, mycobacterial neutralization (82, 91, 179), antibody-dependent cellular phagocytosis (ADCP) (180, 181), complement activation (182–184), antibody-dependent cell-mediated cytotoxicity (ADCC) (185), Mtb-Ab immune complex sensing by intracellular FcR tripartite motif-containing protein 21 (TRIM21) (186, 187), stimulation of CMI (43, 188, 189) and modulation of the strength and nature of the inflammatory response during Mtb-infection (6, 31, 36, 69, 185, 190–193).


Ab-Dependent Opsono-Phagocytosis of Mtb

One of the most important Ab effector functions against Mtb is opsono-phagocytosis, also called ADCP (63). ADCP is mediated by mononuclear phagocytes and granulocytes upon engaging FcRs or, following complement opsonization, complement receptors (42). Mtb inhibits phagosome-lysosome fusion to evade exposure to the antimicrobial lysosomal content (194–197). However, Ab-mediated phagocytosis of opsonized mycobacteria can overcome this inhibition by triggering phagolysosomal fusion (197). Similarly, more recent studies have found increased phagosome maturation in the presence of opsonizing Abs and showed decreased mycobacterial viability upon phagolysosomal fusion (180, 181, 189, 198). Opsonizing Abs restricted Mtb growth in macrophages by significantly increasing the microbicidal potency through increased lysosomal-associated membrane protein 1 (LAMP-1; a phagosome maturation marker) and inducible nitric oxide synthase (iNOS) phagosomal localization and enhanced phagosome acidification, as well as by increased levels of the proinflammatory cytokines IFN-γ and IL-6 (194). Another study described that IgG-coated BCG induced increased microbicidal activity by alveolar macrophages associated with an elevated oxidative burst in phagosomes (199). Mtb opsonized with LAM-specific Abs bound FcγRs on macrophages and stimulated mycobacterial killing, which was associated with increased calcium (Ca2+) concentrations that promoted phagosome maturation (196). Uptake of Mtb mannose-capped LAM (ManLAM) beads into human alveolar macrophages via mannose receptors initiated a specific phagocytic pathway that limited phagosomal fusion, whereas phagocytosis of anti-LAM mAb coated beads through FcγRs did not inhibit the fusogenic property of phagosomes (200). In agreement with these results, uptake of phosphatidyl-myo-inositol mannoside (PIMs)-coated beads into macrophages via engagement of mannose receptors resulted in restricted phagolysosomal fusion (201). Thus, Mtb cell entry via mannose-, complement- and probably other phagocytic receptors allows intracellular survival and replication of bacilli by limiting phagosome maturation while on the other hand, increased phagolysosomal fusion is observed after phagocytosis of Ab-opsonized mycobacteria via FcR signaling (198). Indeed, Chen et al. have demonstrated that increased Mtb phagocytosis and the subsequent increased phagolysosomal fusion observed in THP-1 cells infected with Mtb opsonized with sera containing high anti-AM IgG titers derived from asymptomatic volunteers, was FcγR mediated (180). Furthermore, a significant decline in Mtb phagocytosis by human anti-Mtb Abs was observed when blocking FcγRI (CD64), which was even more prominent when FcγRII (CD32) was blocked. In contrast to (180), Lu et al. found that enhanced functionality of polyclonal LTBI IgG was correlated with selective FcγRIII (CD16) binding, which was associated with increased phagosome maturation and elevated macrophage killing of intracellular tubercle bacilli (185). Intriguingly, CD16 positive, non-classical monocytes were strongly associated with reduced mycobacterial outgrowth upon recent Mtb exposure (202). The discrepancies between studies can likely be attributed to differences in Abs related to the stage of TB disease, and differences in assays and phagocytosing cells (203, 204), as THP-1 cells do not express FcγRIII (CD16), whilst monocyte-derived macrophages do (205, 206). In summary, Ab opsonization of Mtb and subsequent FcR signaling can target Mtb to the degradative lysosomal pathway, which is directly antimicrobial even though it may not be capable to induce complete elimination (194).



Ab-Mediated Classical Complement Activation in TB Disease

An additional mechanism by which AMI could influence the host response against Mtb is through Ab-mediated complement engagement and deposition (182–184). As discussed previously, transcripts of different complement genes were strongly increased during active TB-disease, which were considered important biomarker candidates (18, 20, 23–26). In addition, increased concentrations of circulating immune complexes were detected in serum of patients with subclinical and clinical ATB (24), however, the antigen in these complexes remains unknown. In Indian TB patients anti-LAM IgG2, but not IgM, was associated with classical pathway complement activation (184). Likewise, human IgG, and to a lesser degree IgM, was shown to increase complement deposition on BCG via classical pathway activation (183). Moreover, human anti-Mtb IgG augmented complement activation resulting in enhanced phagocytosis of Mtb by macrophages (182). Thus, complement activation by anti-Mtb Abs seems possible, but has been investigated to a very limited extent, nonetheless, it may significantly contribute to Mtb phagocytosis.



Ab-Mediated Cellular Cytotoxicity in TB Disease

ADCC might represent another classical mechanism that could possibly help controlling Mtb. IgG-mediated ADCC might stimulate killing of Mtb and could play a vital role in the early containment of Mtb upon their re-entry into the extracellular space. Indeed, PPD specific IgG from both LTBI and ATB-patients increased natural killer (NK) cell-mediated ADCC (185). IgG derived from LTBI patients revealed a preferential interaction with the activating FcγRIIIa (CD16a) associated with an increased on-rate in comparison to IgG isolated from ATB patients (185). This enhanced FcγRIIIa (CD16a) binding profile correlated with increased NK cell activation, elevated ADCC and enhanced Mtb control. These findings suggest a protective role for ADCC in host defense against Mtb.



Intracellular Sensing of Mtb-Ab Immune Complexes by TRIM21

Going beyond Ag-Ab immune complex recognition by classical FcRs, Ab binding to Mtb might also be detected intracellularly via the ubiquitously expressed cytosolic Ab FcR called TRIM21. Interestingly, the TRIM21 pathway was identified as important pathway in TB when interconnectivity of multiple biomarkers was analyzed in unbiased transcriptomic studies, suggesting TRIM21 may not only be a biomarker of TB-disease, but also functionally involved in reducing the bacterial load (8). Ab-coated pathogen binding to TRIM21 has been demonstrated to result in the activation of signaling pathways, including nuclear factor kappa-light-chain-enhancer of activated B-cells (NF-κB), activator protein (AP)-1 and the IFN-regulatory factor (IRF) family, and stimulate the production of proinflammatory cytokines via K63-linked ubiquitination (186, 187). Hence, TRIM21 triggering elicits an anti-pathogenic state and can provide protective immunity against non-enveloped viruses and intracellular bacteria, such as adenoviruses, Salmonella enterica and Toxoplasma gondii (186, 187, 207, 208). Importantly, a requirement for TRIM21-mediated signaling and neutralization includes relocation of Abs from the extracellular space toward the cytosol, where Abs are normally not found (186, 187). In the case of Mtb, the bacillus is able to disrupt the phagosomal membrane, which allows Mtb together with bound Abs to enter the cytosol (209). Thus, the cytosolic localization of both Mtb specific Abs and TRIM21 in combination with the circumstantial evidence described above might open up attractive new roles for Abs in the battle against Mtb.




The Role of Abs in Mucosal Immunity Against TB

The cumulative work presented above clearly indicates the pleiotropic effect of Abs in the immune response to Mtb, in which the particular Ab effector function utilized is dependent on Ag specificity, Ab isotype and subclass (28, 42, 59, 210). The pulmonary compartment represents the predominant route of Mtb-infection, and the distribution of Ig isotypes in the mucosal lining includes predominantly secretory IgA (sIgA), lower amounts of soluble IgM, and even lower soluble IgG. Belay et al. have demonstrated that exposed healthy controls have a significantly increased anti-HBHA IgA titer in comparison to untreated TB-patients and their QFN-negative household contacts at baseline, suggesting that anti-HBHA IgA could function as a biomarker for immune control of Mtb (211). Mucosal BCG-vaccination by bronchial instillation in rhesus macaques induced pulmonary IgA (measured in BAL fluid), which correlated with protection against low-dose TB-challenge (212). Interestingly, another strongly protective regimen, intravenous BCG-vaccination, also induced increased levels of pulmonary IgA in NHPs (213). Thus, local IgA may represent a correlate of protection, and may functionally contribute to control of mycobacteria.

For functional assessment, polyclonal human sIgA purified from colostrum from healthy volunteers was found to be reactive to both BCG and Mtb Ags (214). Prophylactic intratracheal incubation or pre-incubation of tubercle bacilli with human sIgA resulted in reduced Mtb viability, which was associated with reduced lung tissue damage, as indicated by better granuloma organization and smaller pneumonic areas in the lungs of Mtb-infected mice. Likewise, when IgA deficient (IgA−/−) and WT littermate mice were intranasally inoculated with the mycobacterium surface phosphate-binding protein PstS-1 (215), IgA−/− mice were still capable of generating PstS-1 specific IgM and IgG, but revealed an increased susceptibility to BCG infection in comparison to WT mice: this was indicated by elevated mycobacterial loads in the lungs at 4 weeks post-infection, and decreased production of IFN-γ and TNF-α. Similarly, mice lacking the polymeric immunoglobulin receptor (pIgR) that enables IgA transcytosis, inoculated with PstS-1 Ags, developed decreased PstS-1 specific IgA titers in their saliva (216). These mice additionally showed increased susceptibility to intranasal BCG, which again correlated with an impaired Th1-response, as manifested by diminished IFN-γ and TNF-α levels in the lungs, and with delayed and reduced mycobacterial-induced immune responses during early infection. These studies collectively indicate that sIgA participates in protection against Mtb-infection and this effect is mediated via modulation of the inflammatory response at the mucosal level and/or by immune exclusion, a process that refers to the capability of sIgA to prevent pathogens and Ags from acquiring entry to the epithelium (217, 218).

Given the importance of mucosal IgA in host defense against Mtb (219), significant prophylactic and therapeutic improvement could be achieved when eliciting a mucosal immune response at the port of Mtb entry in addition to a systematic immune response. Passive immunization with mAbs has opened avenues for potential protective roles of mucosal IgA and the ability to explore different routes of delivery and their subsequent effects. In fact, in a mouse model of mycobacterial lung infection, intranasal immunization of mice with an IgA mAb (TBA61) directed against Mtb Acr1, induced a transient reduction in bacterial counts in the lungs following aerosol or intranasal challenge (88). This protective effect was improved and prolonged (3-4 weeks) when the Ab was co-administered with mouse recombinant IFN-γ alone (87) or in combination with IL-4 neutralization (86) and was demonstrated to be both isotype and epitope specific (88). This finding is in agreement with the observation that intratracheal mAb TBA61 pre-treatment resulted in decreased mycobacterial loads in mouse lungs, which was correlated with milder histopathology following Mtb-challenge (85). More recently, it has been shown that in human FcαR (CD89) transgenic mice, intranasal administration of a human IgA1 mAb specific for Acr1 combined with recombinant mouse IFN-γ significantly reduced bacterial load after intranasal Mtb-infection. Thus, the observed protective effect of IgA in this setting was FcαR (CD89) dependent (81, 83). Collectively, IgA mAb can influence the intracellular fate of Mtb via potentiation of mycobactericidal functions of infected macrophages and by modulation of the inflammatory response (87, 219–221).

Together, the work described above highlights the importance of mucosal immunity in host defense against Mtb. Although local IgA production correlated with protection induced by intravenous or mucosal BCG vaccination, its functional capacity to control mycobacteria remains to be demonstrated.



Glycosylation Patterns as Modulators of Ab Functionality in TB

Modification of Abs, like glycosylation, influences the function of Abs (222). These glycans modify the Ab Fc region structure, and addition or removal of glycan-molecules modifies Ab FcR engagement and Ab functionality (222, 223). Specifically, recent new data obtained from several viral and bacterial diseases implicate that infection, and the associated inflammatory state of the individual, alters Ab glycosylation and hence functionality (224, 225).

Given the dynamic nature of glycan alterations that is impacted by the inflammatory milieu (226), Ab glycosylation changes could also occur during the course of TB disease. Using systems serology, Lu et al. showed that the LTBI Ab glycome of total and PPD-specific IgG had accumulated digalactosylated (G2) glycans with an increased level of sialylation, but less core fucosylation in comparison to ATB IgG (185). This finding resonates with the observation that individuals with ATB displayed a marked elevation of agalactosylated (G0) and asialylated IgG glycans (227–229). Although the absence of galactose is considered to be correlated with increased inflammatory activity in general (223, 226), agalactosylated (G0) IgG could trigger the lectin complement pathway (230). The presence of sialic acid has been correlated with an anti-inflammatory state in rheumatoid arthritis patients (231), and this could reflect diminished inflammation in LTBI compared to ATB patients. Increased FcγRIIIa (CD16a) engagement by polyclonal IgG from LTBI individuals led to increased Mtb-specific ADCC and killing of tubercle bacilli in infected primary human monocyte-derived macrophages in comparison to purified IgG derived from ATB-patients (185). Interestingly, NK-cell frequencies and CD16 function were associated with LTBI (124). Together, these data highlight that the discrete Ab glycosylation patterns observed in LTBI persons might correlate with increased Mtb control.

Removal of polysaccharides from purified IgG decreased the level of ADCP, showing that Ab glycosylation is essential for anti-Mtb activity (185). Glycosylation profiles differed for divergent Mtb reactive Ab populations (e.g., recognizing PPD and Ag85A), suggesting possible differential modulation of glycosylation across IgGs against different Mtb-specific Ags (232). Furthermore, parallel profiling of whole IgG and Ag-binding fragment (Fab) and Fc region-specific IgG glycosylation, showed that the main alterations in Ab glycan moieties across divergent TB-disease states (185) were located in the Fc-region. Stringent multivariate analysis further demonstrated that Fc-region glycosylation can distinguish between LTBI and ATB disease states (232). Digalactosylated (G2) glycan structures and the discrete structure G1S1F (characterized by one galactose, one sialic acid, and one fucose) located on the IgG-Fc region discriminated LTBI from ATB individuals, and likewise distinguished successfully treated ATB individuals from ATB patients (Grace et al., under review). In addition, Mtb-specific IgG4 titers were identified as a novel biomarker for TB disease, in which IgG4 levels were increased during ATB compared to LTBI and individuals that had successfully completed TB-treatment. IgG4-depletion increased Ab effector function, suggesting regulation of the overall humoral response. In addition, LTBI individuals could be distinguished from successfully treated ATB patients by lower Mtb-specific IgM and IgG1 levels and decreased opsono-phagocytic function (Grace et al., under review). Mtb resisters (characterized as highly Mtb exposed individuals that persistently tested negative in both TST and IGRA), similar to health care worker cohorts described above, revealed distinct PPD-specific IgG Fc-glycosylation patterns compared to individuals with LTBI, in which their IgG showed accumulated monogalactosylated (G1) glycans with an increased level of fucosylation and bisecting GlcNAc, but less core sialyation (163). These selectively enriched glycan structures were associated with increased NK cell IFN-γ release facilitated by augmented FcγRIIIa (CD16a) engagement leading to better in vitro Mtb control (124, 185). Collectively, Mtb-specific Fc-glycosylation may serve as biomarker to differentiate between ATB and LTBI.

Based on the wide variety of Ab effector functions available, AMI can significantly contribute to protection against Mtb at different stages of infection. Moreover, B-cells and Abs, specifically mucosal IgA, might also be useful biomarkers for vaccine induced protective immunity against Mtb. However, the majority of studies only include quantification of Ab levels, while not taking into account functional assessment of Mtb-specific Abs. Hence, more functional read-outs are needed for B-cells and Abs to evaluate them as correlates of protection and to gain a deeper understanding of the quality of humoral immunity during different stages of Mtb-infection (Figures 1, 2).




B-CELLS AND Abs AS TARGETS FOR VACCINATION

The majority of designed novel TB-vaccines has concentrated on the induction of CMI (64, 233). Some vaccines, including BCG, induce memory as reflected by the detection of PPD specific memory B-cells (234). However, several recent vaccine studies in mice, NHPs and humans have shown significant induction of Abs against Mtb as well, which might contribute to the vaccine efficacy observed.

Prados-Rosales et al. (235–240) conducted a study with a TB-vaccine that selectively elicits AMI against the tubercle bacillus (241). More specifically, two polysaccharide (PS)-conjugate vaccines were created, by linking the capsular PS AM to either Ag85b or to Bacillus anthracis protective Ag. Both PS-conjugate vaccines substantially diminished lung inflammation and mycobacterial dissemination to the spleen in mice challenged with virulent Mtb. More importantly, passive transfer of immune serum derived from AM-immunized mice offered protection, as assessed by decreased mycobacterial loads in both the lungs and spleen when delivered before aerosol Mtb-infection of naïve mice (241). Corroborating these data, mice immunized with a PS-conjugate vaccine of Ag85b and AM generated high AM-specific IgG levels and showed protection against Mtb, reflected by both prolonged survival and diminished lung pathology (239). More recently, booster vaccination with a whole cell inactivated vaccine (heat-killed MTBVAC) increased protection against Mtb after intranasal vaccination of BCG-primed mice in comparison to subcutaneous BCG only (235). This improved protection correlated with induction of PPD-specific Abs in the BAL fluid that opsonized Mtb. These data were supported by similar data obtained in NHPs (235).

In other NHP studies, vaccine-induced local Ab responses correlated with protection against Mtb-infection and disease (212). BCG vaccination was delivered to rhesus macaques either via the standard intradermal route or via endobronchial instillation, a mucosal route of immunization, which resulted in strong protection against subsequent repeated low-dose infection with Mtb, as measured by reduced lung bacillary loads and diminished histopathology. Interestingly, mucosally vaccinated rhesus macaques had high levels of Ag-specific IgA locally in the BAL fluid. Similarly, intravenous administration of BCG in rhesus macaques induced protection against TB and superior Mtb-specific IgG, IgA and IgM responses in BAL fluid and plasma in comparison to intradermal BCG vaccination (213). Together, these studies describe an association between (local) humoral immune responses and protection against Mtb after BCG immunization, putting humoral immunity forward as a potential correlate of protection.

In humans, several TB-vaccine trials showed correlations between specific Abs and vaccine efficacy against Mtb-infection and/or disease. In a large-scale phase 2b efficacy trial in BCG vaccinated South African infants, utilizing the recombinant vaccinia Ankara virus modified to express Ag85A (MVA85A) (242), the presence of Ag-specific IgG titers correlated with a reduced risk of developing TB disease (101). Furthermore, protection was achieved using a subunit vaccine in the M72/ASO1E vaccine trial (243). This clinical phase 2b trial demonstrated that the incidence of ATB disease was significantly reduced in Mtb-infected adults vaccinated with M72/ASO1E relative to placebo. Besides robust activation of T-cells, the vaccine also elicited a strong Ag-specific IgG response that persisted up to at least 36 months post immunization (244, 245). Thus, collectively, the data obtained from mouse, NHP and human vaccination studies support the possibility that AMI might contribute to the protective effects of certain TB-vaccines.


Preventive and Therapeutic TB-Vaccine Design

An ideal anti-TB-vaccine would protect against both Mtb-infection in exposed individuals and the establishment of disease in already Mtb-infected persons. There is a desperate need for the development of more effective TB-vaccines for children, adolescents and adults. To that end, the emerging appreciation of the role of B-cells and Abs in combatting Mtb (6, 7, 30, 31, 37) in combination with the existence of naturally arising human Abs that are probably functionally protective against Mtb-infection (76), points toward an exciting and promising new path to explore.

BCG as neonatal vaccination against TB has not only reduced the incidence of severe forms of TB in children, but has also reduced all-cause childhood mortality as a result of heterologous protection against non-related pathogens (246–249). BCG vaccinated children had increased levels of Abs in their serum indicating enhanced activation of cell-mediated responses, in particular of humoral immune components (246–249). Although most studies focused on heterologous protection in young children, more recently, it was suggested that also vulnerable elderly could benefit from BCG vaccination to protect against unrelated pathogens (250, 251). BCG did not only enhance responses against natural infections, but also increased the magnitude of humoral responses induced by vaccines against non-related pathogens (246). The mechanism behind these heterologous protective effects is called trained innate immunity and reflects an increased state of responsiveness of mostly innate immune cells due to epigenetic alterations and metabolic rewiring independent of Ag (252). However, it is unknown if similar processes may also alter the response-readiness state of Ag specific adaptive immune players, in particular because the reprogramming occurs in the hematopoietic stem and progenitor compartment (253). Nevertheless, training of innate players by live vaccines, most prominently BCG, will have significant effects on the magnitude of both innate and adaptive responses, including humoral immunity, which will significantly contribute to vaccine induced protection. Novel live vaccines may have a similar training capacity, in particular BCG variants or live attenuated Mtb strains, and thereby might enhance humoral responses, however for other vaccine formulations this remains to be investigated. Prime-boost regimens, including those with a BCG prime, may be superior in activating B-cells partly by enhanced, trained status of key players. A more detailed analysis of these effects for each of the novel vaccine candidates is strongly encouraged.

For the development of a TB-vaccine that elicits not only cellular, but also functional humoral responses, it is of importance to take the route of delivery into consideration (254). Pre-exposure vaccines that aim at preventing infection with Mtb may need to induce IgA production locally in the lungs (255), whereas post-exposure vaccines that aim to either modify or prevent clinical disease in already Mtb-infected individuals most likely will need to trigger a systemic response including IgG (180).




DISCUSSION

Mycobacterial tuberculosis remains a challenging and threatening pathogen, affecting many people globally. Ample epidemiological studies indicate that progression of disease is strongly associated with the immunological competency of the host, and therefore, a more in-depth understanding of the effector anti-TB immune responses is pivotal for the design of next-generation preventive and therapeutic approaches in the fight against this pathogen. The complementary effect of immune components other than classical Th1/Th17 cellular responses, such as Abs, should be considered. Abs and B-cells on their own may not be sufficient to combat Mtb, however there is accumulating evidence that they can complement and enhance CMI. Clinical vaccine evaluation studies should incorporate not only the quantitative assessment of these responses, but also their functional capacity to reduce Mtb burden to assess their future value as correlates of protection and as mediators of protection (Figure 1).

The majority of Ab studies largely concentrated on their utility as diagnostic tools, with little to no attention for dissection of Abs at the isotype and subclass level in relation to TB pathogenesis and resolution (256). However, both Ab isotype, subclass and post-translation modifications might alter functional properties toward Mtb (180). Such differences are most likely a result of structural, antigenic and functional divergences in the Fab and Fc region of Ab isotypes (257). Hence, a more comprehensive insight through detailed immunoprofiling of Mtb-specific Ab responses during disease progression and resolution is essential, not only for TB diagnosis, but also potentially for therapeutic monitoring, and the identification of correlates of protection and markers of disease.

As B-cells and Abs significantly add to the repertoire of effector responses against TB, these two immune components could represent interesting targets for vaccination. However, due to highly heterogenous Ab responses during natural TB infection and disease (258), it might be required to employ strategic vaccine design and specific delivery routes to effectively induce protective rather than enhancing Abs. Mucosal vaccination routes may be more likely to induce protective Mtb specific IgA, however, possibly also other protective vaccines may induce similar mucosal responses, but they have not yet been rigorously assessed. Live vaccines or selected adjuvants may skew strong Ab responses and influence Ab isotype and/or Fc glycosylation profiles (259, 260). Adjuvants characterized by low inflammatory and reactogenic profiles that could be safely administered through the mucosal route may be promising candidates (261).

While the discovery of BCG and antibiotics has been ground-breaking in the prevention and treatment of ATB, major knowledge gaps remain regarding better prevention and treatment of Mtb in both children and adults. Novel host-directed therapeutic and vaccine development efforts will need to go beyond harnessing and improving only cellular immune responses, and should likely also engage the broad range of B-cell and Ab effector functions. As a next step, new tools that probe specificity, affinity, isotype, subclass, function and glycosylation of Abs should be developed. All accumulated evidence so far warrants detailed monitoring of B-cells and Abs in future vaccine efficacy studies, not only as correlates of protection, but also as potential contributors to protection. Since Abs are highly diverse, and this diversity relates to their functional tenures, it is important to not only assess their levels and titers, but also to dissect their functional contribution to mycobacterial inhibition and killing. Even though B-cells and Abs may not be fully sufficient on their own, they clearly can contribute to the total effector response and thereby provide novel and important targets for future studies and interventions against Mtb and other intracellular pathogens.
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ABBREVIATIONS

Ab, antibodies; Acr, α-crystallin; ADCC, antibody-dependent cell-mediated cytotoxicity; ADCP, antibody-dependent cellular phagocytosis; Ag, antigen; AM, arabinomannan; AMI, antibody-mediated immunity; AP, activator protein; APC, antigen-presenting cell; ATB, active tuberculosis disease; BAL, bronchoalveolar lavage; BCF, B-cell follicle; BCG, Bacillus Calmette-Guérin; Breg, regulatory B-cell; C1q, Complement component 1q; Ca2+, calcium; CFP-10, 10 kDa culture filtrate protein; CMI, cell-mediated immunity; CVID, common variable immunodeficiency; CXCL, CXC chemokine ligand; CXCR, CXC chemokine receptor; ESAT-6, early secreted Ag of 6 kDa; Fab, Ag-binding fragment; FASL, Fas ligand; Fc, crystallizable fragment; FcγRI, Fc gamma receptor I; FcR, Fc receptor; GC, germinal center; HBHA, heparin-binding hemagglutinin adhesin; HIV, human immunodeficiency virus; iBALT, inducible bronchus-associated lymphoid tissue; IFN, interferon; Ig, immunoglobulin; IGRA, IFN-γ release assay; iNOS, inducible nitric oxide synthase; IRF, interferon regulatory factor; IVIg, intravenous immunoglobulin; LAM, lipoarabinomannan; LAMP-1, lysosomal-associated membrane protein 1; LTBI, latent tuberculosis infection; mAb, monoclonal antibody; ManLAM, mannose-capped lipoarabinomannan; Mtb, Mycobacterium tuberculosis; MVA85A, Ankara virus modified to express Ag85A; NF-κB, nuclear factor kappa-light-chain-enhancer of activated B-cells; NHP, non-human primate; NK, natural killer; pIgR, polymeric immunoglobulin receptor; PIM, phosphatidyl-myo-inositol mannoside; PPD, protein purified derivative; PS, polysaccharide; QFN, QuantiFERON-TB Gold In-Tube test; QFT, QuantiferonTB Gold; SCID, severe combined immunodeficient; sIgA, secretory IgA; TB, tuberculosis; Th, T helper; TLR, Toll-like receptor; TNF, tumor necrosis factor; TRIM21, FcR tripartite motif-containing protein 21; TST, tuberculin skin test; WT, wild type; XLA, X-linked agammaglobulinemia.
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Background: Transcriptomic signatures for tuberculosis (TB) have been proposed and represent a promising diagnostic tool. Data remain limited in persons with advanced HIV.

Methods: We enrolled 30 patients with advanced HIV (CD4 <100 cells/mm3) in India; 16 with active TB and 14 without. Whole-blood RNA sequencing was performed; these data were merged with a publicly available dataset from Uganda (n = 33; 18 with TB and 15 without). Transcriptomic profiling and machine learning algorithms identified an optimal gene signature for TB classification. Receiver operating characteristic analysis was used to assess performance.

Results: Among 565 differentially expressed genes identified for TB, 40 were shared across India and Uganda cohorts. Common upregulated pathways reflect Toll-like receptor cascades and neutrophil degranulation. The machine-learning decision-tree algorithm selected gene expression values from RAB20 and INSL3 as most informative for TB classification. The signature accurately classified TB in discovery cohorts (India AUC 0.95 and Uganda AUC 1.0; p < 0.001); accuracy was fair in external validation cohorts.

Conclusions: Expression values of RAB20 and INSL3 genes in peripheral blood compose a biosignature that accurately classified TB status among patients with advanced HIV in two geographically distinct cohorts. The functional analysis suggests pathways previously reported in TB pathogenesis.

Keywords: HIV, tuberculosis, transcriptomics, diagnosis, gene signature


INTRODUCTION

Tremendous advances in tuberculosis diagnosis have been made based on nucleic acid amplification of bacteria in the sputum, such as Xpert MTB/RIF sputum smear and culture, which provides results in 2 h (1–5). However, sputum-based diagnostics remain problematic in the context of HIV infection. Sputum smear is often negative for TB bacilli, and the sensitivity of Xpert

MTB/RIF is only 67% (6–8). Persons living with advanced HIV (CD4 < 100 cells/mm3) are at particularly high risk for TB and are likely to have smear-negative pulmonary or extrapulmonary TB, underscoring the need for non-sputum-based TB diagnostics to support TB control efforts (9–15).

Blood-based transcriptomic signatures, including several parsimonious gene signatures, have been proposed to diagnose and differentiate TB from other respiratory diseases (ORD) and are in various stages of validation (14, 16, 17). However, the majority of studies do not include persons living with advanced HIV. A recent case-control study from Uganda found that transcript levels of FcGR1A and BATF2 and plasma protein levels of interferon gamma (IFN-γ) and CXCL10 were individually accurate classifiers of active TB in the context of advanced HIV (18). However, geographic differences may exist and could impact performance when transcriptomic profiles developed in one population are applied to other geographically distinct populations.

To address the potential influence of geography and the reduced number of TB gene expression signatures addressing persons living with HIV (PLWH), we established a discovery cohort comprising the publicly available RNA sequencing (RNA-seq) dataset from the aforementioned Uganda case-control study (n = 33) (18) and RNA-seq data from our prospective case-control study in India among persons with advanced HIV with or without active TB (n = 30). Using transcriptomic profiling and a machine-learning approach, we aimed to develop and validate a gene signature to fairly classify TB status among persons with advanced HIV from geographically distinct sites.



METHODS


Discovery Cohorts
 
India Cohort

Between January 2018 and June 2019, we enrolled 30 consecutive adults attending the antiretroviral treatment (ART) clinic at Byramjee Jeejeebhoy Government Medical College (BJGMC) and Sassoon General Hospitals (SGH), which provides HIV care to residents of Pune, India, and the surrounding area. Eligibility criteria were ART-naïve and ART-experienced adults (>18 years) with advanced HIV, defined as CD4 < 100 cells/mm3, with or without newly diagnosed active TB. Exclusion criteria were previous history of TB or anti-tuberculosis treatment (ATT) before enrolment. All potential participants underwent TB symptom screen and GeneXpert MTB/RIF, sputum smear and culture. Cases (TB-HIV), defined as any positive microbiologic TB investigations or ATT initiation based on high clinical suspicion (active TB), were enrolled up to n = 15; controls (HIV-only), defined as no evidence of active TB, were enrolled up to n = 15. Medical, demographic, socio-economic characteristics, and chest radiograph were obtained at enrolment, and blood samples were collected at baseline for HIV quantitative RNA and CD4+ T-cell count. Individual participant consent as well as BJGMC ethics committee and Johns Hopkins University institutional review committee approvals were obtained.



Uganda Cohort

A published case-control study conducted among 33 adults with advanced HIV (CD4 count < 100 cells/mm3) in Uganda. The study population comprised 18 cases with active TB (TB-HIV; 16 with smear-positive or microbiologically-confirmed TB and 2 undergoing ATT) and 15 controls (HIV-only) with no clinical symptoms of TB. All participants underwent whole-blood RNA sequencing (RNA-seq) and plasma cytokine/chemokine analysis (18).




Whole Blood Sample Processing and RNA Sequencing

At enrolment, whole blood (5 mL) was collected from all 30 India participants in two PAXgene Blood RNA tubes (Qiagen, catalog #762165) and directly frozen at −80°C. RNA was extracted using the PAXgene Blood RNA kit (Qiagen, catalog #762174) and quantified using Qubit RNA assay HS (Invitrogen, Cat #Q32852). RNA purity was checked using QIAxpert, and RNA integrity was assessed on TapeStation using RNA HS ScreenTapes (Agilent, Cat #5067-5579). NEB Ultra II Directional RNA-Seq Library Prep kit protocol was used to prepare libraries for total RNA sequencing. Prepared libraries were quantified using Qubit High Sensitivity Assay (Invitrogen, Cat #Q32852), pooled and diluted to final optimal loading concentration before cluster amplification on Illumina flow cell. Once the cluster generation was completed, the cluster flow cell was loaded on Illumina HiSeqX instrument to generate 150bp paired-end reads.



Gene Expression Analysis

Raw RNA-seq data from the India cohort were retrieved from Illumina HiSeqX in fastq formatted files and processed using the protocol for paired-end reads in the quality check and mapping step; raw RNA-seq data from the Uganda cohort were downloaded from the NCBI SRA database using sra-tools (https://ncbi.github.io/sra-tools/fastq-dump.html) and processed using the single-end protocol in the quality check and mapping step. Low quality bases were removed from all samples, and adapters were trimmed using Trimmomatic V0.32 (19). A total of 5 samples failed in the quality check process from India Cohort and were removed from analysis. A total of 58 samples from both sites were used in downstream analysis. After the quality check, sequences were aligned to the human transcriptome (GRCh38 version 100), comprising mRNA and ncRNA, using Salmon v1.2.0 (20). After the mapping step, the Salmon output was converted to count tables using the tximport R package (21). Count gene expression matrix was examined using the DESeq2 R package (22) to identify differentially expressed genes (DEG) for cases. Changes in gene expression with false discovery rate (FDR)-adjusted p-value <0.05 and log2fold-change ±1.4 were considered significant. Candidate DEGs were visualized using volcano plots and Venn diagrams using the VennDiagram R package and scanned with the REACTOME pathway database (23) using the compareCluster R package (24). The entire gene expression data set from India cohort is available at the GEO database (Accession number GSE162164, https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE162164).



Machine Learning Approach

Following variance-stabilizing transformation and batch effect correction [sva package (25)], gene expression measurements were used to perform a machine learning approach. Using the rpart R package (26), a decision-tree algorithm with leave-one-out cross-validation was applied to identify the minimal variable set (gene set) exhibiting higher classification power to describe cases. The resulting genes were retrieved from each dataset. Sample clustering and classification were assessed using Heatmaps and the Principal component analysis (PCA) plot and applied to the variance-stabilizing transformed gene expression values from each cohort.



Signature Performance Analysis

We conducted a performance comparison using 36 previously published gene expression signatures for TB diagnosis, progression and treatment provided by the TBSignatureProfiler package (https://github.com/compbiomed/TBSignatureProfiler). In addition, we have included Risk6 signature cohort for comparison (27) (Supplementary Table 1). We applied a general linear model to gene expression values from each signature gene. The outcomes were binarized to measure the sensitivity and specificity of classification, allowing us to measure each group rate and plot area under the curve (AUC) values to identify the best classifier.



Validation of the Gene Signature

To validate the gene signature, we applied the gene expression model to gene expression data, which was log 2 normalized, from three independent and publicly available patient cohorts (28–30). The first study developed and validated transcriptomic signatures to distinguish TB from latent TB infection (LTBI) using a case-control design among African adults with and without HIV (28); validation was performed by comparing TB-HIV (with and without culture-confirmed TB) vs. HIV-only. The second study identified and validated transcriptomic signatures to distinguish active TB from other respiratory diseases as well as LTBI among large pediatric cohorts from South Africa, Malawi and Kenya (29); the comparison for validation was TB-HIV vs. HIV and other respiratory diseases.



Statistical Analysis

All analyses were pre-specified. Clinical data were compared among cases and controls using the Mann-Whitney U test (continuous variables) or Pearson's chi-square test (categorical variables). Correlations between gene expression and clinical variables were tested using Spearman's rank correlation coefficient. Receiver Operator Characteristics (ROC) were used to assess the accuracy of a gene signature to distinguish between comparison groups specified in the India/Uganda datasets and each validation dataset (in-silico validation cohorts). We measured the z-scores with the scales function. Analyses were performed using the base package from R 4.0.2. Differences with p-values <0.05 were considered statistically significant.




RESULTS


Description of Discovery Cohorts

Cases (n = 16) and controls (n = 14) from the India cohort (n = 30) did not significantly differ among baseline characteristics, including sex (82% male vs. 71% male), median age (45 vs. 41 years), median CD4 count (45 vs. 53 cells/mm3) and median HIV viral load (5.50 vs. 4.92 log copies/mL) (Table 1). The Uganda cohort (n = 33) was 62% female, median age was 32 years and median CD4 count was 50 cells/mm3 with no significant differences between cases (n = 18) and controls (n = 15) (18).


Table 1. Baseline characteristics among cases (TB-HIV) and controls (HIV-only) enrolled in the India cohort (n = 30).

[image: Table 1]



Gene Expression Analysis

A total of 565 DEGs were identified for cases (active TB) among the discovery cohorts. Of these, the majority (488 DEGs) were specific to the Uganda cohort, including 265 upregulated and 223 downregulated genes; 37 were specific to the India cohort, including 32 upregulated and 5 downregulated genes; and 40 were shared by both cohorts (Supplementary Figure 1, Supplementary Table 2). Cluster analysis revealed that DEGs identified at each site were able to distinguish samples from cases and controls, but with some misclassifications (Supplementary Figure 2).

The majority of shared DEGs were upregulated (38 upregulated vs. 2 downregulated). The enrichment analysis shown in Figure 1 reveals that only two pathways were enriched in both discovery cohorts, namely Toll-like receptor cascades and Neutrophil degranulation. Among Uganda-specific DEGs, upregulated pathways predominantly reflect DNA repair and regulation, and downregulated pathways reflect immune cell response regulation. In contrast, India-specific upregulated pathways reflect IFN-γ signaling and antimicrobial peptide response while downregulated pathways reflect nucleotide metabolism.


[image: Figure 1]
FIGURE 1. Enrichment analysis of differentially expressed genes (DEG) for TB among adults living with advanced HIV by study site. Dot diameter represents the gene ratio for each pathway, and fill color represents the false discovery rate (FDR)-adjusted p-value for the change in gene expression. Shading identifies shared (orange), India-specific (green), and Uganda-specific (purple) pathways.




Machine Learning

Gene expression values from DEGs were used to perform machine learning. The decision tree identified INSL3 and RAB20 (Decision-tree genes) as the optimal gene set to classify tuberculosis status among patients from both sites (Figure 2A). Dot plots show that threshold gene expression values for INSL3 and RAB20 fairly classified samples from both study sites, correctly classifying 100% of Uganda samples and returning only 3 classification errors in the India cohort (Figures 2B,C). Receiver operator characteristic (ROC) analysis indicates accurate TB classification among samples from India [AUC 0.95 (0.87–1.00)] and Uganda (AUC 1.00) (Figure 2D). Compared to DEGs and 36 proposed TB gene expression signatures, the Decision-tree genes best classified TB status among samples from both cohorts (Figures 2E,F). Although the Maertzdorf_4, Roe_3 and Suliman_4 signatures and Decision-tree genes performed comparably in the India cohort, the Maertzdorf and Suliman signatures comprises 4 genes and Roe signature comprises 3 genes, and was not as accurate in the Uganda cohort where the Rajan_HIV_5 and Decision-tree signatures performed best. Reviewing potential associations between Decision-tree genes and previously proposed TB signatures revealed that RAB20 is included in the Bankley_380 (383 genes) and Barry_393 (290 genes) signatures (Supplementary Figure 3A), yet the Decision-tree genes had superior performance in both cohorts.


[image: Figure 2]
FIGURE 2. The machine learning approach identified a 2-gene signature (INSL3 and RAB20) that best classified tuberculosis status across study sites. (A) The decision-tree algorithm selected INSL3 and RAB20 genes to classify tuberculosis status among the discovery cohorts. (B,C) Dot plots show that Decision-tree genes correctly classify TB status for most samples from the India cohort (B) and for 100% of samples from the Uganda cohort (C); vertical and horizontal dotted lines represent decision thresholds for RAB20 and INSL3 genes, respectively. (D) Receiver operating characteristic (ROC) curve analysis shows strong TB classification performance of Decision-tree genes among samples from India (green line) and Uganda (purple line) with area under the curve (AUC) of 0.948 and 1.00, respectively; shaded area represents standard deviation. Boxplots show the AUC, measured by general linear modeling, for Decision-tree genes (Bold), differentially expressed genes (Bold), and publicly available TB gene expression signatures identifying the Decision-tree genes as the best TB classifier across India (E) and Uganda (F) cohorts.




Correlation of Clinical Variables With Decision-Tree Gene Expression

Among the India cohort, CD8+ and CD3+ cell counts were significantly lower in cases than controls (Supplementary Figures 3B–D). Comparing Decision-tree gene expression to clinical variables, Spearman correlation values indicate a significant negative correlation between INSL3 expression and both CD8+ and CD3+ cell counts. No cluster was associated with clinical variables (Smoke, Cough, Cavitation, Death, Viral load, CD4, Age or BMI) (Figure 3).


[image: Figure 3]
FIGURE 3. Heatmap showing the relationship between Decision-tree gene expression and clinical characteristics in the India cohort. The top horizontal bar corresponds to cases (red) and controls (blue). The side bar plot shows the Spearman correlation value measuring the association between INLS3 and RAB20 expression and CD8+ and CD3+ cell count; green bars indicate a significant association. The lower horizontal bars correspond to female (orange) vs. male (green) followed presence (red) vs. absence (light gray) of participant characteristics; dark gray indicates no information available. The bottom bar plots show significant (green vertical bars) and non-significant (gray vertical bars) correlations with participant characteristics, including log2 HIV viral load; CD4+/CD8+/CD3+ cell counts, body mass index (BMI) and age.




Validation of the Decision-Tree Signature

We performed ROC analysis to determine the sensitivity of the 2-gene signature to distinguish active TB among three validation cohorts. As shown in Figure 4, the Decision-tree signature performed best among South African cohorts with AUC ranging between 0.683 and 0.748; performance was lower among Malawi cohorts with AUC ranging between 0.615 and 0.623 (Figures 4A,B). The 2-gene signature demonstrated high accuracy to predict active TB with an AUC of 0.945 for distinguishing culture-confirmed TB from culture-negative TB (Figure 4C).


[image: Figure 4]
FIGURE 4. Validation of the Decision-tree gene signature using publicly available microarray datasets. Receiving operating characteristic curve analysis evaluating the performance of the 2-gene signature to distinguish comparison groups in the: (A) GSE39940 dataset—children living with HIV from South Africa and Malawi coinfected with TB or other respiratory diseases (ORD) (HIV-TB vs. HIV-ORD); (B) GSE37250 dataset—adults living with HIV from South Africa and Malawi coinfected with TB or ORD (HIV-TB vs. HIV-ORD); and (C) GSE39939 dataset from Kenya—patients with HIV-TB co-infection with and without culture-confirmed TB (culture-positive vs. culture-negative).





DISCUSSION

Transcriptomic signatures for TB diagnosis have been previously identified using various approaches, including differentially expressed genes, pathway analysis and subsetting genes associated to symptomatology (15, 16, 31). Although the blood transcriptomic profiling can improve diagnosis and understanding of TB infection, population-specific gene expression could interfere with performance across different regions (32). This study identified a 2-gene parsimonious signature that accurately classified active TB among people with advanced HIV infection in two geographically distinct cohorts. More importantly, the signature fared well to distinguish active TB from latent tuberculosis infection (LTBI) as well as other respiratory diseases when applied to other African datasets. Finally, the signature performed best among those with culture-confirmed TB and is likely an indicator of mycobacterial replication, suggesting the potential to extrapolate its use for TB treatment monitoring.

The prediction of TB diagnosis in PLWH improved when Indian and Ugandan datasets were combined. The two genes generated by the machine learning algorithm (RAB20 and INSL3) were able to accurately distinguish active TB from non-TB. RAB20, a member of the RAS Oncogene Family, is involved in the maturation and acidification of phagosomes. More specifically, RAB20 regulates the endosomal membrane, thus playing an important role in phagosome integrity and control of Mycobacterium tuberculosis (Mtb) replication in infected macrophages (33). This mechanism is also regulated by IFN-γ, assisting with Mtb infection control in macrophages (34). In contrast, INSL3 is part of an insulin-like hormone superfamily and is associated with human testicular cell tumors (35), but has not been previously associated with TB infection or disease. Notably, the strong negative correlation observed between INSL3 expression and CD8+/CD3+ cell count (rho−0.6) suggests a significant role in immune cell regulation among PLWH with active TB from India. The influence of INSL3 on CD8+ and CD3+ cells could be associated with its regulation of TIMP2 (36), a member of the NF-KappaB Family Pathway.

Although the 2-gene signature performed well in both discovery cohorts, we observed considerable geographic differences in gene expression between India and Uganda. Specifically, samples from Africa presented more DEGs (528 genes) than India (77 genes), and only 40 common DEGs were identified across the sites. A multitude of factors alter the immune response and may explain the observed differences, including ethnic population, dietary, environmental and seasonal differences (37, 38). Variable performance of TB signatures in Indian and African discovery cohorts provides additional evidence of population-specific gene expression. The performance of TB signatures varied with lower AUC observed among India samples compared to Uganda. Even signatures proposed among PLWH, such as Esmail_82, Esmail_203, Esmail_893 (31), Kaforou_27, Kaforou_OD_44, Kaforou_OD_53 (28), Sambarey_HIV_10 (39), and Rajan_HIV_5 (40), demonstrated differential performance among Indian and Ugandan cohorts. The total number of genes varies widely across signatures, ranging from 5 to 893 genes, and could explain the differential performance (AUC) in classifying TB status among PLWH, but also suggests a possible population bias in each signature that could interfere with its use in other geographic locations.

The differential gene expressions observed between Indian and Ugandan cohorts was not unexpected. Despite the differences, however, the discovery cohorts shared 40 differentially expressed genes for TB, and two important pathways were found to be upregulated in both cohorts (18). The Toll-like receptor cascade pathway has been previously associated with TB and HIV, indicating the role of Mtb in the regulation of HIV replication (41). The neutrophil degranulation pathway has also been associated with TB, but the exact role of neutrophils remains ambiguous with potential to be associated with Mtb clearance as well as increased disease severity and mortality (42). Overall, these pathways suggest that TB disease may influence peripheral blood mononuclear cell expression in PLWH.

The performance of the novel 2-gene signature is heterogeneous in the external validation data sets, but the 2-gene signature has fair overall accuracy to distinguish TB. Accuracy ranged from 0.683 to 0.748 in the African cohort comprising children and adults, and inferior performance was observed in the Malawi cohort with AUC values ranging from 0.615 to 0.623. The difference in performance suggests that population-associated gene expression interferes with TB classification in PLWH. Despite the unsatisfactory performance of the 2-gene signature in these data, some aspects should be accounted. In this dataset, the control group was composed of PLWH and other respiratory diseases. The control group composition and population bias may have contributed to reduced AUC values. Interestingly, TB classification accuracy was high for patients with culture-confirmed TB in the Kenya cohort (AUC 0.954) while reduced performance was observed among patients without culture-confirmed TB (AUC 0.627). This finding suggests an association of the two-gene signature with bacterial load and that longitudinal change in expression of this gene signature could also be used to monitor bacillary load in response to treatment.

Gene signatures derived from multiple cohorts were validated using a targeted approach, reverse transcriptase multiplex ligation-dependent probe amplification (RT-MLPA) in a multisite study that comprised cohorts with and without HIV. The analysis revealed FCGR1A [high-affinity IgG Fc receptor 1 (CD64)] as a consistent single-gene classifier of active TB disease, in the presence and absence of HIV (43). FcGR1A was also reported to function as a consistent single gene classifier of active TB even in advanced HIV in the Uganda cohort included in this study (18). In an Ethiopian cohort, five genes (CD8A, TIMP2, CCL22, FCGR1A, and TNFRSF1A), were shown to segregate active TB from non-active TB in HIV patients (44). In another study, also in an Ethiopian cohort of HIV co-infected TB patients, 7 genes (FCGR1A, RAB24, TLR1, TLR4, MMP9, NLRC4, and IL1B) accurately discriminated between active tuberculosis disease and latent infection (45). RISK6 is a prognostic signature derived from baseline blood samples in a SA adolescent cohort of progressors and non-progressors (27). The signature is an aggregate of nine transcript pairs that was derived by separately linking each of three transcripts upregulated in progressors (GBP2, FCGR1B, and SERPING1), to three transcripts downregulated in progressors (TUBGCP6, TRMT2A, and SDR39U1), relative to non-progressors. RISK6 also performed well in diagnosing active TB in HIV-uninfected and HIV-infected persons (27). Of note, none of the studies included cohorts from India. Additional head-to-head comparative studies in larger cohorts are needed to determine whether the 2-gene signature reported here works across ethnicities and comorbidities, including HIV. Furthermore, whether the same gene signatures will perform well in segregating TB from HIV with differing CD4 counts and differing peripheral inflammation also needs to be determined.

Despite yielding interesting results, our study has some limitations. First, the sampling size is not ideal, with 25 samples from India and 33 from Uganda, and has resulted in more variability observed in the study. Second, the metadata from all validation datasets do not have the CD4 count value for each patient, but the overall cohort data report much higher CD4 value than our cohort. This may have contributed to reduction in performance of our signature. For clinical application, more studies are required to standardize a gene expression-based protocol. Furthermore, RNA seq-based signatures need to be further developed for use in clinical practice to distinguish PLWH with TB from those with LTBI or other respiratory diseases.

In conclusion, despite populational-specific differential gene expression, the RAB20 and INSL3 genes outperformed all previously proposed TB signatures to accurately distinguish TB from non-TB among multiple cohorts from different geographical regions. This parsimonious 2-gene signature also performed well among those with culture-positive TB, indicating its potential use for TB treatment monitoring. Our study provides evidence supporting a promising, novel and non-sputum-based biomarker for TB diagnosis, especially for those with advanced HIV infection in whom TB diagnosis is often difficult with sputum-based diagnostics. Future studies are needed to confirm our findings.
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Supplementary Figure S1. (A,B) Volcano plots showing differentially expressed genes (DEG) for TB using whole-blood samples from India (A) and Uganda (B) cohorts. Red indicates DEGs, defined as change in gene expression with log2 Fold Change ±1.4 and FDR <0.05; green indicates change in gene expression with log2 Fold Change ±1.4; blue indicates change in gene expression with FDR <0.05; and gray indicates no significant change in gene expression. (C) The Venn diagram shows the number of site-specific and shared DEGS. (D) The Bar plot shows the log2 Fold Change of the 40 DEGs shared across study sites.

Supplementary Figure S2. Heatmap of the differentially expressed genes (DEG) for TB identified in the India (A) and Uganda (B) cohorts.

Supplementary Figure S3. The dot plot demonstrates the presence of Decision-tree genes (INSL3 and RAB20) in previously proposed TB gene expression signatures (A). Boxplots show the associations of CD3 (B), CD8 (B), and CD4 (C) cell counts and HIV viral load (D) with TB-HIV co-infection status in the India cohort. Clinical variables were compared among cases (TB-HIV) and controls (HIV-only) using the Wilcoxon test. Only CD3 and CD8 cell counts were significantly associated with TB status.

Supplementary Table 1. Systematic literature review but restricted to the signatures present in TBSiginatureProfiler package, plus the RISK6 used as reference. Signature names represent the first author's name of the corresponding publication, suffixed with number of constituent genes that are present in the RNAseq dataset. Table includes number of genes, method, population, HIV status and treatment, geographical region, and participant condition. TB, tuberculosis; LTBI, latent tuberculosis infection; HHC, household contacts; SARC, sarcoidosis.

Supplementary Table 2. File with the differentially expressed genes (DEG) list from India, Uganda cohort, and the common genes. The log2 Fold Change, log2 Fold Change SE, p-value, and FDR are also provided for each gene.



ABBREVIATIONS

ART, antiretroviral therapy; ATT, anti-tuberculosis treatment; AUC, area under the curve; DEG, differentially expressed genes; HIV, human immunodeficiency virus; TB, tuberculosis; PLWH, people living with HIV; PCA, principal component analysis.
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A Plasma 5-Marker Host Biosignature Identifies Tuberculosis in High and Low Endemic Countries
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Background: Several host inflammatory markers have been proposed as biomarkers for diagnosis and treatment response in Tuberculosis (TB), but few studies compare their utility in different demographic, ethnic, and TB endemic settings.

Methods: Fifty-four host biomarkers were evaluated in plasma samples obtained from presumed TB cases recruited at the Oslo University Hospital in Norway, and a health center in Cape Town, South Africa. Based on clinical and laboratory assessments, participants were classified as having TB or other respiratory diseases (ORD). The concentrations of biomarkers were analyzed using the Luminex multiplex platform.

Results: Out of 185 study participants from both study sites, 107 (58%) had TB, and 78 (42%) ORD. Multiple host markers showed diagnostic potential in both the Norwegian and South African cohorts, with I-309 as the most accurate single marker irrespective of geographical setting. Although study site-specific biosignatures had high accuracy for TB, a site-independent 5-marker biosignature (G-CSF, C3b/iC3b, procalcitonin, IP-10, PDGF-BB) was identified diagnosing TB with a sensitivity of 72.7% (95% CI, 49.8–82.3) and specificity of 90.5% (95% CI, 69.6–98.8) irrespective of geographical site.

Conclusion: A 5-marker host plasma biosignature has diagnostic potential for TB disease irrespective of TB setting and should be further explored in larger cohorts.

Keywords: tuberculosis, biomarkers, diagnosis, treatment response, endemic settings, biosignatures


INTRODUCTION

An estimated 10 million people were reported to have tuberculosis (TB) and nearly 1.5 million died of the disease in 2018 (1). New tools for TB diagnosis and monitoring of treatment responses are needed, particularly in resource-constrained settings (2). The limitations of sputum smear microscopy and sputum culture are widely published (2–5). Culture conversion after 2 months of TB treatment is mostly used when monitoring treatment response in clinical trials but has limited utility in individual patients (5, 6). Also, smear microscopy and the Xpert MTB/RIF tests are not suitable for TB treatment monitoring purposes as they cannot discriminate between dead and live bacteria (6–8). Thus, there has been an intensified search for suitable host immune biomarkers for TB diagnostics and monitoring treatment response.

Several studies that made use of specimens collected in Africa or other high TB burden settings have identified promising biomarkers in serum or plasma (9–11), M.tb antigen-stimulated blood (12–14), and other bodily fluids including saliva and urine (5, 15–17). Other studies conducted in high income/low endemic settings aiming to differentiate active TB from latent TB infection (LTBI) irrespective of HIV status, and for evaluating TB treatment (18–21) led to the identification of interferon-gamma inducible protein (IP)-10 as a candidate biomarker for TB diagnosis. Still, despite the numerous promising biomarkers identified so far only interferon-gamma (IFN-γ) release assays (IGRA) currently exist in clinical practice, but IGRAs do not distinguish active TB from LTBI (22) and are not useful in high burden settings (23). As highlighted in a recent report, host biomarker-based studies are often poorly designed and promising biomarkers are mostly evaluated at single-sites, without independent validation cohorts (24). Therefore, new studies evaluating promising biomarkers in multiple independent cohorts including participants recruited in both low and high endemic settings are needed (4, 25–27).

In the current study, we evaluated the potential utility of previously published plasma-derived biomarkers for TB diagnosis and monitoring of treatment response in adults with suspected active TB from low endemic (Norway) and high endemic (South Africa) settings.



METHODOLOGY


Study Participants

Participants were recruited through longitudinal observational cohort studies at the Department of Infectious Diseases, Oslo University Hospital (OUH), Norway (Prognostic Immunological markers in Tuberculosis) from 2012 to 2019, and the Fisantekraal Clinic, a peripheral level health care center in the outskirts of Cape Town, South Africa; a field site for a larger biomarker study (ScreenTB project) from 2016 to 2019 (Figure 1).


[image: Figure 1]
FIGURE 1. STARD diagram showing the study design and classification of study participants. TB, Tuberculosis cases; ORD, Individuals presenting with symptoms and investigated for pulmonary TB but in whom TB disease was ruled out; ROC, Receiver operator characteristics; GDA, General discriminant analysis.


Briefly, Norwegian study participants were patients admitted for medical evaluation on suspicion of having active TB. Adults with active TB and consenting to participate were recruited into the observational cohort. Medical history including co-morbidities and HIV co-infection were registered at inclusion. Clinical examination and chest X-rays were performed, and if indicated, supplemented with further radiological and/or histological investigations. TB diagnosis was based on either positive Mtb culture/ PCR or clinical diagnosis based on symptoms, radiological findings, and histology consistent with TB where anti-TB-therapy was started. Active TB patients were further categorized into pulmonary TB (PTB), extrapulmonary TB (EPTB) or combined (PTB + EPTB). TB patients were followed up with new visits at week 2, month 2, and month 6 after initiation of TB treatment. All patients were clinically cured at the end of treatment. Participants grouped as other respiratory diseases (ORD) were recruited from patients with symptoms of lower respiratory infections admitted to OUH in the same period.

South African study participants self-presented at the clinic with symptoms requiring investigation for active PTB and were recruited prior to the diagnosis of TB or ORD. TB was confirmed or ruled out using a combination of clinical, laboratory, and radiological findings as described in previous reports (9, 10). All individuals classified as ORD had suggestive TB symptoms, but with negative microbiological M.tb diagnostics and were never initiated on TB treatment by the national TB control program.



Sample Collection

For both the Norwegian and South African study participants, whole blood was collected by venepuncture into EDTA (Norway) or heparinized (South Africa) BD vacutainer tubes (BD Biosciences, Franklin Lakes, NJ, USA). After centrifugation (at 2,000 rpm for 10 min), plasma was harvested, aliquoted, and frozen at −80°C until use. Induced sputum samples and/or biopsies were obtained for acid-fast staining and culture by BACTEC 960 MGIT liquid culture media (BD Biosciences) or Lovenstein Jensen solid media. Positive MGIT cultures were examined for acid-fast bacilli using the Ziehl-Neelsen technique (to check for contamination).



Ethical Considerations

The Norwegian participants were included in the ongoing cohort “Prognostic Immunological markers in tuberculosis” at the Department of Infectious Diseases, OUS, Norway (approved by Regional Ethics Committee, REK 2016/2123). Biological samples were stored in the biobank “Research Biobank Infectious Diseases” (REK nr.6.2008.173). South African participants enrolled into the ScreenTB study was approved by the Health Research Ethics Committee of the University of Stellenbosch (N16/05/070). All participants gave written informed consent before study inclusion. All methods were performed in accordance with the relevant guidelines and regulations.



Multiplex Immunoassay

The 54 candidate TB diagnostic host markers were selected after literature searches (9, 10, 24, 28, 29) and evaluated in plasma specimens from all participants using the Luminex multiplex immunoassay platform. These markers are listed in Table 1. Samples were randomly assigned for testing on different assay plates, with the laboratory staff blinded to the clinical classification of study participants. All samples including the laboratory internal quality controls were diluted according to the recommendations of the manufacturers before analysis. The levels of the different biomarkers in the quality control reagents were within the expected ranges. Assays were performed on the Bio-Plex platform (Bio-Plex 200 and/or Magpix; Bio-Rad Laboratories, Hercules, USA) with the Bio-Plex Manager Software (version 6.1) used for bead acquisition and analysis of median fluorescent intensity, in an ISO15189:2007 accredited laboratory.


Table 1. Host markers evaluated in this study.
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Statistical Analysis

Box-cox transformation and winsorization were performed in preparation for statistical analysis for analytes requiring transformation. Differences in the concentrations of host markers between the different groups were analyzed using the non-parametric Mann-Whitney U test. Mixed-effects linear models using the lmer package in the R were used to carry out univariate analyses for repeated measures (Baseline, Week 2, Month 2, and Month 6). The diagnostic abilities of host markers were assessed by receiver operator characteristics (ROC) curve analysis. Optimal cut-off values and associated sensitivity and specificity were determined based on the Youden's Index. The predictive abilities of combinations of host markers were investigated using general discriminant analysis (GDA). Depending on the size of the observations, data were randomly split into a training (70%) and test set (30%) whereby, models built on the training set were validated on the test set, otherwise, by leave-one-out cross-validation (that is, after each data point is removed, a model is built on the rest of the data and a prediction is made at that point and later tested on all the data). The best subset based on the Wilks lambda method was used in selecting analytes for the different biosignatures. P ≤ 0.05 were considered significant for differences between groups. The data were analyzed using Statistica (TIBCO Software Inc., CA, USA), Graphpad Prism version 8 (Graphpad Software Inc., CA, USA), and R programming language.




RESULTS


Study Participants

Of a total of 185 included participants from both Norway and SA, 107 (57.8%) were diagnosed with TB and 78 (42.2%) with ORD. Among the Norwegian TB cases, 23 (68%)/21 (62%), and 13 (33%)/9 (23%) were confirmed TB (culture and/or PCR) in the PTB and EPTB cases, respectively. All 22 South African TB cases had PTB; 21 (95%) and 14 (64%) of whom were culture and smear-positive, respectively. The mean age of all TB cases was 36.8 ± 13.3 years, 9 (5%) were HIV infected and 69 (64%) were males. Participants with ORD had a mean age of 47.1 ± 14.6 years and 31 (40%) were males. An overview of the clinical and demographic characteristics of TB cases and ORD in the respective countries is shown in Table 2.


Table 2. Demographic and clinical characteristics of study participants.
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Plasma concentrations of I-309, MMP-1, MPO, PDGF-BB, RANTES, CRP, and Pentraxin3 show potential as TB diagnostic candidates irrespective of the study cohort.


Norwegian Cohort

The baseline concentrations of 15 of the 54 analytes investigated had significantly different levels in all TB patients (n = 85) compared to ORD patients (n = 19) (0.0465 < P < 0.0001) (Supplementary Table 1). There were significantly higher levels of I-309, MDC, VEGFR3, MMP-1, PDGF-BB, and RANTES in the TB patients compared to ORD, whereas the levels of CCL18, VCAM-1, GDF-15, MPO, pentraxin3, ferritin, myoglobin, CRP, and procalcitonin were significantly lower. The area under the ROC curve (AUC) was ≥ 0.70 for 10 of these markers namely, I-309, GDF-15, VEGFR3, MPO, MMP-1, Pentraxin3, PDGF-BB, RANTES, Ferritin, and CRP, whereas Myoglobin and Procalcitonin diagnosed TB with AUC ≥ 0.80 (Supplementary Figure 1). When only the individuals with pulmonary TB were compared to those with ORD, significant differences were observed for SAA, CRP, VEGFR3, RANTES, Pentraxin3, Ferritin, CCL18, MPO, GDF-15, MMP-1, PDGF-BB, Procalcitonin, MDC, Myoglobin, and VCAM-1. The diagnostic accuracies of these markers as ascertained by ROC curve analysis showed potential, with AUC ranging from 0.69 to 0.89 (Supplementary Table 2).



South African Cohort

The median baseline concentrations of 25 markers were significantly higher in TB patients than ORD patients namely; C3b/iC3b, IL-4Ra, C1q, procalcitonin, CFB, CCL18, GDF-15, VCAM-1, TNF-α, ferritin, MPO, SAA, CRP, IL-2Ra, IFN-γ, IP-10, PDGF-BB, VEGF, pentraxin3, MMP-1, RANTES, TNFRII, MIG, sCD40L, and I-309 (Supplementary Table 3). After ROC curve analysis, 13 of these biomarkers (MPO, SAA, CRP, IL-2Ra, IFN-γ, IP-10, PDGF-BB, VEGF, pentraxin3, MMP-1, RANTES, TNFRII, MIG discriminated between the TB and ORD groups with AUC ≥ 0.70 and sCD40L and I-309 were the most promising, with AUC ≥ 0.80 (Supplementary Figure 2).



Norwegian and South African Cohorts Combined

When data from all study participants were analyzed irrespective of the study site, the median concentrations of 21 of the 54 analytes were significantly different between the TB patients and those with ORD. The levels of SAA, VEGFR3, TNF-α, IL-2Ra, C1q, IL-12p70, MIG, TNFRII, C3b/iC3b, CC3, IP-10, I-309 were significantly higher in TB patients whereas, GDF-15, myoglobin, MMP-2, anti-thrombin III, IL-1Ra, MMP-9, and G-CSF levels were significantly higher in the ORD group (Supplementary Table 4). After ROC curve analysis, the AUC was ≥ 0.70 for CC3, IP-10, and I-309 (Supplementary Figure 3). When further univariate analysis was carried out in study participants from both cohorts excluding those with EPTB, the concentrations of C1q, CC3, C3b/iC3b, MIG, IL-12p70, TNFRII, VEGFR3, I-309, MIP-1a, IP-10, and G-CSF showed significant differences between the pulmonary TB and ORD groups (Supplementary Table 5).

Baseline concentrations of I-309, MPO, MMP-1, PDGF-BB, RANTES, CRP, and pentraxin3 thus showed diagnostic potential (AUC≥ 0.70) both in the Norwegian and South African cohorts. However, irrespective of the study site, I-309 was the most useful single marker that discriminated between TB and ORD (Figure 2). CCL18, CRP, GDF-15, ferritin, Procalcitonin, Pentraxin3, MPO, and VCAM-1 were highly expressed in patients with ORD from the Norwegian cohort in contrast to the South African cohort where these markers were higher in TB patients (Supplementary Figures 1, 2).
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FIGURE 2. Areas under the receiver operator characteristics (ROC) curves of significant biomarkers. AUC for individual analytes with significant differences in Norway and South Africa and their performance when all study participants from both settings were merged. Error bars represent 95% confidence interval of AUC. *Highlights markers with promising diagnostic accuracy in both Norway and South African cohorts.





Evaluation of Diagnostic Biosignatures in Tuberculosis
 
Norwegian Cohort

We evaluated biosignatures in all Norwegian TB patients encompassing EPTB patients followed by analyses when only PTB was included and thereafter, assessed their performance on the South African cohort. When data obtained from the TB patients were analyzed by general discriminant analysis (GDA), optimal diagnosis of TB was achieved with a combination of four analytes. The most optimal biosignature was made up of 4-markers (I-309, procalcitonin, CRP, and PDGF-BB) which identified TB cases with an AUC of 0.98 (Figure 3A). After leave-one-out cross validation, the sensitivity of the 4-marker biosignature was 91.8% (95% CI, 83.8–96.8%) and specificity 89.5% (95% CI, 66.9–98.7%). The positive and negative predictive values (PPV and NPV) were 97.5% (95% CI, 91.3–99.3%) and 70.8% (54–83.4%), respectively. The frequency of markers in the top 20 most accurate 4-marker GDA models for the diagnosis of TB is shown in Figure 3B.
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FIGURE 3. Performance of biosignatures in the diagnosis of TB disease. The Receiver operator characteristics (ROC) curves showing the accuracies of the biosignatures generated. The bar graphs show the number of times each analyte was included in the top 20 general discriminant analysis (GDA) models for diagnosing TB. (A) ROC curve of the most accurate 4-marker biosignature (I-309, procalcitonin, CRP, PDGF-BB) which diagnosed TB in the Norwegian cohort. (B) Frequency of analytes in the top 20 GDA models that classified TB cases from ORD in Norwegian patients. (C) ROC curve of the most accurate 3-marker biosignature (MMP-9, IP-10 and sCD40L) which diagnosed TB in the South African cohort. (D) Frequency of analytes in the top 20 GDA model that classified the TB cases from ORD in South African patients. (E) ROC curve of the most accurate 5-marker biosignature (G-CSF, C3b/iC3b, procalcitonin, IP-10, and PDGF-BB) in diagnosing TB in all study participants from both cohorts. (F) Frequency of analytes in the top 20 GDA model that classified the TB cases from ORD in all study participants from both cohorts. (G) ROC curve of the most accurate 6-marker biosignature (RANTES, G-CSF, C1q, CC3, CFH, IP-10) in diagnosing pulmonary TB in all study participants from both cohorts. (H) Frequency of analytes in the top 20 GDA models that classified pulmonary TB from ORD in all study participants from both cohorts.


When the 4-marker biosignature was applied to South African study participants, with the latter being used as a validation cohort, this biosignature diagnosed TB with reduced sensitivity to 68.2% (95%CI, 45.1–86.1) and specificity of 91.5% (95% CI, 81.3–97.2) (Table 3). Moreover, when the signature was optimized to meet the minimal requirements of the World Health Organization (WHO) target product profile for a triage test for use in a high TB setting (sensitivity >90% and specificity >70%), the specificity obtained was 76% for the targeted sensitivity of 90%.


Table 3. Accuracy of the biosignatures identified in the present study in the diagnosis of active TB.
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When the analysis was performed only in study participants with PTB against ORD, optimal prediction of TB disease was achieved with the 5-marker signature made up of a combination of C1q, procalcitonin, CRP, PDGF-BB, and Ferritin. This 5-marker signature diagnosed TB with an accuracy of 100%, with sensitivity and specificity of 100% obtained after leave-one-out cross validation. The performance of the signature was reduced when applied to the South African cohort, with a sensitivity of 63.6% (95% CI, 40.7–82.8) and specificity 57.6% (95% CI, 44.1–70.4) (Table 3).




South African Cohort

When data obtained from the South African participants were similarly fitted into GDA models, optimal prediction of TB was achieved with a combination of three markers. The most accurate 3-marker signature; MMP-9, IP-10 and sCD40L diagnosed TB with an AUC of 0.90 (95% CI, 0.83–0.97) (Figure 3C). After leave-one-out cross validation, the sensitivity of the biosignature was 68.2% and specificity was 88.1% (95% CI, 77.1–95.1%), with the PPV and NPV being 68.2% (95% CI, 50.3–82%) and 88.1% (95% CI, 80–93.2%), respectively (Table 3). When applied to the Norwegian cohort, the optimal 3 marker biosignature ascertained TB with reduced sensitivity and specificity of 48.2% (95% CI, 37.3–59.3) and 36.8% (95% CI, 16.3–61.6) respectively (Table 3). In the Norwegian study participants with PTB, an even reduced sensitivity of 29.4% (95% CI, 15.1–47.5) and specificity of 31.6% (95% CI, 12.6–56.6) was observed. Albeit the reduced diagnostic accuracy of the signature when applied to Norwegian study patients, the model ascertained TB with a specificity of 68% when optimizing for a higher sensitivity at ≥90%, and a sensitivity of 86% at a specificity ≥70%. The frequency of markers in the top 20 most accurate 3-marker GDA models for diagnosing TB is shown in Figure 3D.


Norwegian and South African Cohorts Combined

To identify the potentially most useful biosignature for diagnosing TB irrespective of the study cohort, participants from the two study sites were combined and randomly assigned into a training (70%) and test (30%) sets. A 5-marker signature comprising of G-CSF, C3b/iC3b, procalcitonin, IP-10 and PDGF-BB that was identified in the training sample set performed in the test set with a sensitivity of 72.7% (95% CI, 49.8–82.3%), specificity of 90.5% (95% CI, 69.6–98.8%), PPV of 88.9% (95% CI, 67.2–96.8%) and NPV of 76% (95% CI, 61.2–86.4%). The signature obtained a specificity of 78% when the target for sensitivity was set at 90%, therefore meeting the WHO TPP criteria for a triage TB test (Table 3). The most frequent markers in the top 20 most accurate 5-marker GDA models for discriminating between TB and ORD when participants were combined are shown in Figure 3F. When the patients with EPTB were excluded prior to analysis of the merged data (Norway and South-Africa), the most optimal TB diagnostic biosignature was comprised of six markers (RANTES, G-CSF, C1q, CC3, CFH, IP-10), and ascertained TB with an AUC of 0.93 (Table 3 and Figures 3G,H).




Performance of Previously Identified African Signatures in the Norwegian Cohort

Finally, we evaluated the performance of previously reported host serum (CRP, SAA, IFN-γ, IP-10, CFH, ApoA-1, transthyretin) (9) and plasma (CRP, SAP, NCAM, ferritin, I-309/CCL-1, GDF-15) (10) biosignatures in the Norwegian cohort (Table 4). As transthyretin was not available for evaluation in this study, we assessed the performance of combinations between the other six markers from the Chegou et al. signature. Generally, these biosignatures performed well with good diagnostic accuracies (AUC 0.84 to 0.94) despite reduced sensitivity and specificity. The serum biosignature by Chegou et al. (9) identified TB disease with a sensitivity of 67.5% (95% CI, 56.3–77.4) and specificity of 64.7% (95% CI, 38.3–85.8) while the plasma biosignature by Jacobs et al. (10) obtained a sensitivity of 78.9% (95% CI, 69–86.8) and specificity of 89.5% (95% CI, 66.9–98.7). Similar diagnostic performance was obtained for these signatures when analyses were performed on the Norway and South Africa cohorts combined.


Table 4. Performance of previously identified African signatures in the diagnosis of TB disease in the Norwegian cohort and the combined Norwegian and South African cohort.
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Changes in the Concentrations of Biomarkers During Treatment

To evaluate whether any of the biomarkers have the potential to be used for TB treatment monitoring, longitudinally collected plasma was analyzed in the Norwegian cohort. Out of the 85 TB cases 57 (67%), 62 (73%), and 49 (58%) provided specimens at week 2, months 2, and 6, respectively. The concentrations of 19 markers changed significantly in the course of TB treatment. There was a general decrease in the concentrations of CRP, ferritin, I-309, IFN-γ, IP-10, IL-1ra, IL-2Ra, IL-4Ra, MDC, MMP-1, pentraxin3, procalcitonin, TNF-α, and SAA from baseline to month 6, whereas ADAMTS13, MMP-2, MCP-1, ApoA-1, and NCAM-1 levels significantly increased in the course of treatment (Figure 4). Significant changes were already observed for IFN-γ, MMP-2, and SAA already at week 2 of treatment while levels of ADAMTS13, ApoA-1, CRP, ferritin, I-309, IL-1Ra, IL-4Ra, IP-10, MCP-1, MDC, MMP-1, NCAM-1, pentraxin3, procalcitonin and TNF-α became significantly changed first from month 2. The change in the concentrations of MIG, CCL18, TNFRII, IL-2, IL-12p70, and G-CSF only became significant at the end of treatment (month 6) compared to baseline levels. Finally, CFB, sCD40L, ICAM-1, IL-8, and VCAM-1 showed a decreasing trend during treatment with no overall significant changes (Supplementary Table 6).
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FIGURE 4. Changes in the concentrations of biomarkers in TB patients during treatment in Norway. Concentrations of plasma markers in samples of Norwegian TB patients with significant differences before the start of TB treatment (baseline), at week 2, month 2, and month 6. Data points in each graph represent the mean and the error bars indicate the 95% confidence intervals. The concentrations of ADAMTS13, MMP-2, NCAM-1, MCP-1, ferritin, I-309, IFN-γ, IL-1Ra, IL-2Ra, pentraxin3, procalcitonin, IP-10, MMP-1, TNF-α, IL-4Ra, MDC are expressed as pg/ml while ApoA-1, SAA, and CRP as ng/ml. The letters a-c indicates statistical significance where values with the same letter are not significantly different from each other.





DISCUSSION

We present data on the performance of plasma host biosignatures in patients from two different TB endemic settings to assess the usefulness of already identified promising biomarkers. An optimal 5-marker biosignature (G-CSF, C3b/iC3b, Procalcitonin, IP-10, PDGF-BB) was identified which diagnosed TB if no pre-conditions were set, with a sensitivity of 72.7% and specificity of 90.5% irrespective of geographical site. When optimized with sensitivity set at >90% (the minimum threshold set in the WHO TPPs for a triage TB test), the specificity of this 5-marker biosignature was 78%. When the specificity was fixed at >70%, the sensitivity of the biosignature was 93%. The performance of this biosignature therefore met the minimum requirements for a triage TB test in the current study. When evaluated as potential biomarkers for monitoring TB treatment response, the concentrations of 19 markers changed with treatment, thereby showing that they may be potential candidates for monitoring therapy responses.

The development of a rapid and simple non-sputum based immunodiagnostic tool will be ideal for the fight against TB in both high and low TB burden settings, most especially, in resource-limited settings. Validation of promising diagnostic host biomarkers for translation into novel point-of-care tests in multiple sites is thus of utmost importance. In our findings, I-309 (CCL1) was the most accurate single marker with diagnostic potential irrespective of the geographical site. I-309 is an inflammatory mediator, a member of the CC chemokine family, which stimulates the migration of human monocytes and whose expression is induced by Mtb and Toll-Like-Receptor (TLR) ligands expressed on macrophages (30). CCL18, CRP, GDF-15, ferritin, procalcitonin, pentraxin3, MPO, and VCAM-1 showed different response patterns in the different cohorts. They were highly expressed in patients with ORD in the Norwegian cohort and high among TB patients in the South African cohort. This could be a result of the differences in clinical settings in the two geographical sites. Whereas, in South Africa where the risk of TB is high, it is low in Norway for a patient admitted to the hospital with respiratory symptoms. Norwegian ORD patients were clinically diagnosed with lower respiratory infections, predominately bacterial pneumonia implying the presence of systemic inflammatory markers such as CRP, procalcitonin, and pentraxin3. The South-African ORD cohort was somewhat younger and more diverse with a range of respiratory tract infections which were not further investigated as previously reported by Chegou et al. (12). Furthermore, the differences between the highly expressed markers in study participants might be due to differences in geographical settings and ethnicity. Most of the patients in the Norwegian cohort were immigrants from different African and Asian countries as comparable to the South African cohort which was made up of mostly South African colored citizens. Some previous works showed that the inflammatory profile identified in TB was associated with ethnic variation in host genotype, (26, 31). Nevertheless, baseline concentrations of I-309, MMP-1, MPO, PDGF-BB, RANTES, CRP, pentraxin3 showed diagnostic potential for TB both in Norway, a low TB endemic setting, and in South Africa, a high TB burden area.

As observed in previous biomarker reports, the combination of different single markers performed better in diagnosing TB than individual markers. A 4-marker biosignature (I-309, CCL-1, procalcitonin, CRP, PDGF-BB) performed best in the Norwegian cohort, whereas a 3-marker biosignature (MMP-9, IP-10, sCD40L) was the most optimal in the South African cohort. When participants from both cohorts were combined, the 5-marker biosignature (G-CSF, C3b/iC3b, procalcitonin, IP-10, PDGF-BB) offered the best accuracy.

The WHO target profile (TPP) for a point-of-care non-sputum-based triage test capable of detecting people suspected of having TB recommends a diagnostic tool with a sensitivity > 90% and a specificity >70% (32). After optimizing the signatures identified in this study with these threshold values pre-specified, the specificities of the Norwegian 4-marker and the joint 5-marker signature fell within the accepted range (specificity >70%) for sensitivity > 90%. Thus, the diagnostic accuracy of these biosignatures identified in the present study meets the minimum WHO target product profiles for a triage test when benchmarked against these criteria. A test based on these signatures has the potential to be used as a good rule-out test for TB disease whilst awaiting further systematic screening in TB suspects most especially in high TB burden areas with limited resources. Bodily, further investigation is required on the performance of these biomarkers and signatures, including evaluation of the influence of HIV infection.

In defiance of different biosignatures identified in the present study, the Norwegian 4-marker signature showed potential as a rule-out test even when it was applied to South African participants after optimizing for higher sensitivity. Conjointly, the optimal 5-marker biosignature obtained when all sites were combined showed promise regardless of the different populations present in the joint cohort with heterogeneity in immune responses (pulmonary and EPTB TB patients combined). These findings were in contrast to the performance of the 3-marker signature identified in the South African cohort when assessed on the Norwegian cohort. We also observed a reduced sensitivity and specificity of previously published Africa-wide-derived 6-marker plasma and 7-marker serum signature (albeit, reduced to six markers because of the unavailability of one of the key biomarkers; transthyretin) in the Norwegian and combined cohorts. Although the reasons for the reduce performances is uncertain, there is a chance that biosignatures derived from studies designed differently, especially different levels of the health care settings may not validate in the respective cohorts. South Africa, a high burden area was represented by self-reporting individuals presenting with symptoms at a primary health care setting in contrast to hospitalized patients recruited in Norway, a high income and low TB burden setting. Other factors which might have influenced the differences observed in the current study could include differences in the types of both TB cases and individuals with ORD that were recruited at the different study sites, as well as the extent of disease in the patients, which was beyond the scope of the current study. In the Norwegian cohort, there were both PTB and EPTB cases as compared to the South African cohort that consisted only of definite PTB cases. Nonetheless, when the analysis was performed only on the PTB cases compared to the ORD group in the Norwegian cohort, an optimal signature of 5-markers (C1q, procalcitonin, CRP, PDGF-BB, ferritin) performed excellently with a sensitivity and specificity of 100%. The accuracy and performance of this signature were reduced when applied on the South African cohort while the identified South African 3-marker biosignature performed poorly in the new Norwegian data set (PTB vs. ORD). Although there might be differences in the immune response associated with PTB and EPTB, similar markers showing significant differences between TB and ORD were observed regardless of whether the EPTB patients were included or excluded during data analysis. That is, the markers that showed potential individually in discriminating between TB and ORD (C1q, CC3, C3b/iC3b, MIG, IL-12p70, TNFRII, VEGFR3, I-309, MIP-1a, IP-10, G-CSF in PTB vs. ORD) when Norwegian and South African study participants were combined were the same markers that showed potential when EPTB patients were excluded. That notwithstanding, a different 6-marker biosignature showed the most promise when only the PTB patients were compared to individuals with ORD (Norway and South Africa combined). Previous work by Fortún et al. highlighted no differences in biomarker concentrations between PTB and EPTB patients (33), whilst Ranaivomanana et al. reported differences in only TNF-α and VEGF after macrophage stimulation (34). Furthermore, blood transcriptional signatures reflecting immune response in PTB and EPTB patients were similar across sites of disease with varying degrees of responses correlating to the presence or absence of symptoms in another study (35). It is thus unclear whether geographical setting and patient recruitment strategy are the only contributing factors to the variation seen in the expression of biomarkers across sites. Still, all the promising biomarkers from the current study, are well-known proteins that have been widely investigated in TB, using different sample types (10, 24, 28). These markers in unison with frequently occurring markers in the top 20 GDA models may be considered strong candidate biomarkers for further investigations in multi-centre studies and point-of-care TB test development.

The concentration of several biomarkers changed significantly during TB treatment when evaluated in the Norwegian cohort. These markers could thus be useful as potential markers for monitoring TB treatment. The changes in concentrations after treatment initiation could be reflective of host immune function restoration due to a reduction in bacterial load. Our observation of increasing levels of ApoA-1, MMP-2 and MCP-1 is in agreement with previous reports (10, 36, 37). Amongst markers with a significant decrease during treatment were acute phase proteins (CRP, SAA, pentraxin3, procalcitonin and ferritin) as well as the pro-inflammatory markers IP-10, IFN-γ, TNF-α, and MMP-1 which are in accordance with several other works reporting their potential in evaluating TB treatment and as markers of disease severity and bacterial burden (10, 36, 38–42). Withal, host biomarkers have also shown potential in predicting month 2 culture status and poor TB treatment outcomes (relapse and failure), but assessment of the predictive accuracy of the biomarkers for different treatment outcomes was outside the scope of this study.

A particular strength of this study is the inclusion of study participants from different settings, which allowed us to test the robustness of previously published biomarkers in the diagnosis of TB in patients recruited using different protocols across different geographical settings. Investigations were carried out in a data set with a lot of heterogenicity between the study cohorts in terms of the ORD group and type of TB cases. Our study provides evidence that some of the biomarkers investigated may be strong, robust candidates for a globally relevant test. We also evaluated the usefulness of the biomarkers as tools for monitoring TB treatment responses in clinically responded patients at that time point, although we could not evaluate treatment outcome due to the small size of month 2 culture positive samples. Additionally, we were unable to assess the influence of HIV infection on the performance of the biomarkers due to the low proportion (5%) of the HIV infected study participants. We acknowledge that the proportion of HIV positive study participants particularly in the South African cohort was not representative of what is estimated for Sub-Saharan African countries. This bias was introduced by the random selection of study participants from our biobank, with the clinical information of participants only known during data analysis. That notwithstanding, previous work carried out in South Africa showed that the identified biosignatures performed well irrespective of HIV infection (9, 10, 13). However, well-designed studies in which the performance of the signatures is assessed in HIV positive patients that are stratified according to CD4 cell counts and viral loads are required. As the cohorts used in the present study were recruited using different strategies (hospitalized patients recruited in a low TB endemic setting vs. self-reported patients presenting with symptoms requiring investigation for TB at a high burden setting), not using the same protocols for recruitment of study participants may be seen as a limitation. The lack of sample size calculations prior to the start of the study is a limitation. However, the number of study participants employed in the study is similar to the numbers used in other previous biomarker-based work. Further multi-center confirmatory studies including people recruited in both high and low TB endemic settings are thus required. It may be necessary to standardize the study protocols so that bias due to different study designs does not affect study findings. However, it is important that such future studies enroll participants that are relevant to the different clinical settings, so that findings are clinically relevant. The biomarkers that performed well in the study may be considered as strong candidates for future evaluation and consideration for globally relevant point-of-care tests.

In conclusion, among 54 potential TB biomarkers evaluated in this study, we identified strong individual candidate biomarkers and a 5-marker plasma protein biosignature (G-CSF, C3b/iC3b, procalcitonin, IP-10, PDGF-BB) which showed potential in diagnosing TB regardless of the endemic setting. The concentrations of some of the markers also changed significantly during TB treatment, suggesting their potential utility as biomarkers for monitoring response to TB treatment. Our data highlights the importance of validating host immunological biomarkers in different geographical and ethnic settings, in the global search for non-sputum-based biomarkers for point-of-care diagnosis of active TB.
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Accurate and affordable point-of-care diagnostics for tuberculosis (TB) are needed. Host serum protein signatures have been derived for use in primary care settings, however validation of these in secondary care settings is lacking. We evaluated serum protein biomarkers discovered in primary care cohorts from Africa reapplied to patients from secondary care. In this nested case-control study, concentrations of 22 proteins were quantified in sera from 292 patients from Malawi and South Africa who presented predominantly to secondary care. Recruitment was based upon intention of local clinicians to test for TB. The case definition for TB was culture positivity for Mycobacterium tuberculosis; and for other diseases (OD) a confirmed alternative diagnosis. Equal numbers of TB and OD patients were selected. Within each group, there were equal numbers with and without HIV and from each site. Patients were split into training and test sets for biosignature discovery. A nine-protein signature to distinguish TB from OD was discovered comprising fibrinogen, alpha-2-macroglobulin, CRP, MMP-9, transthyretin, complement factor H, IFN-gamma, IP-10, and TNF-alpha. This signature had an area under the receiver operating characteristic curve in the training set of 90% (95% CI 86–95%), and, after adjusting the cut-off for increased sensitivity, a sensitivity and specificity in the test set of 92% (95% CI 80–98%) and 71% (95% CI 56–84%), respectively. The best single biomarker was complement factor H [area under the receiver operating characteristic curve 70% (95% CI 64–76%)]. Biosignatures consisting of host serum proteins may function as point-of-care screening tests for TB in African hospitals. Complement factor H is identified as a new biomarker for such signatures.

Keywords: serum, protein, biomarker, tuberculosis, diagnosis, HIV, Africa


INTRODUCTION

Tuberculosis (TB) remains a leading cause of death from any infection worldwide. The number of people accessing treatment is increasing each year, but in 2019 there were still an estimated 10 million cases and 1.4 million deaths (1). The region with the highest incidence and fatality rate is Africa, where the prevalence of HIV co-infection in some areas exceeds 50% (1).

The potential for rapid diagnosis of TB in African hospitals has been enhanced by the roll-out of the GeneXpert MTB/RIF test (Xpert, Cepheid, Sunnyvale, California, USA). Xpert is a sputum-based PCR assay with high sensitivity and specificity (2), but has several practical limitations. These include high cost, need for annual overseas calibration, laboratory containment facilities, and continuous electricity. In addition, as a laboratory-based assay, Xpert is not a true point-of-care (POC) test that can deliver a result within a single consultation.

An alternative to pathogen detection is quantification of host-derived biomarkers, such as serum proteins. Serum proteins are generally of higher abundance than pathogen products, are amenable to existing POC technologies such as lateral flow immunoassay (LFA), and have been shown to discriminate between different infections when combined as biosignatures (3–6). In 2016, a cohort study was published by the African European TB Consortium (AE-TBC) in which a seven-protein signature was reported that distinguished pulmonary TB from other respiratory diseases with an area under the receiver operating characteristic (ROC) curve of 91% (7). The study was conducted in primary care clinics across five countries in Africa. Participants presenting with symptoms requiring investigation for TB were recruited. The seven proteins were selected from a shortlist of 22 that had been discovered in pilot studies.

An accurate, cheap, user-friendly POC test for TB for use in secondary care hospital settings in sub-Saharan Africa would also be highly desirable. We therefore retested the signature and all 22 biomarkers from the AE-TBC study in cohorts from a case-control study that recruited adults presenting with features of TB to hospitals in Cape Town, South Africa, and Karonga, Malawi, and a TB clinic in Cape Town (the “ILULU-TB study”) (8). Equal numbers of patients were recruited with and without HIV to both TB and other diseases (OD) groups (8). Recruitment of TB patients at all sites was on the basis of culture positivity. All OD patients were recruited from hospitals. We therefore considered this cohort to be reflective of patients presenting to secondary care. We hypothesised that the seven-protein signature from the AE-TBC study, or a new signature derived from the same 22 proteins, would distinguish TB from OD in patients from the ILULU-TB study, regardless of HIV status, with a similar degree of accuracy as in the AE-TBC study.



METHODS


ILULU-TB Patient Recruitment and Biobank Sampling

Between 2007 and 2010, 674 adults were recruited to the ILULU-TB study from Cape Town, South Africa, and Karonga District, Malawi. These sites have differing prevalences of ODs such as parasitic infection and differing environmental exposures (urban vs. rural). Details of recruitment have been described previously (8). Briefly, patients in the TB and OD groups were recruited consecutively and based on intention of the local clinician to test for TB. The criterion for inclusion in the TB group was at least one positive culture (sputum or tissue) for Mycobacterium tuberculosis (Mtb), which is the WHO gold standard (1). Laboratory identification of Mtb was confirmed by polymerase chain reaction (PCR). All of the TB patients that were enrolled had pulmonary TB. OD patients had an established alternative diagnosis, negative cultures for Mtb and an observed improvement of symptoms after follow-up without TB treatment. In Cape Town, TB patients were recruited from either an outpatient clinic (Khayelitsha site B) or hospital sites (Groote Schuur and GF Jooste), whereas OD patients were all recruited from the hospital sites. In Karonga, both TB and OD patients were recruited from Karonga District Hospital. As healthy controls, adults with latent TB infection (LTBI) were also recruited. LTBI status was defined by positive tuberculin skin tests and in-house interferon-gamma release assays in the absence of TB symptoms (9). Sera were collected from all participants at recruitment and stored at −80°C. All groups had HIV-1 status ascertained.

For the present study, sera from 438 individuals were selected from the ILULU-TB biobank using random number generation (Microsoft Excel 2013). Equal numbers were selected for each of the TB, OD, and LTBI groups. Within each group, equal numbers were selected with and without HIV, and from each of the two sites (Table 1). The primary aim was to distinguish TB from OD, regardless of HIV status or site. The selection process with regard to the TB and OD patients is illustrated in Figure 1. No sera from the AE-TBC study were re-analysed as part of this study.


Table 1. Demographic and clinical features for the 438 participants randomly selected from the ILULU-TB cohort for this study.
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FIGURE 1. Selection process for inclusion of patients in the biosignature analyses. The flow diagram shows the process from original recruitment to the ILULU-TB study onwards. TB, tuberculosis; OD, other diseases; HIV−, HIV uninfected; HIV+, HIV infected.




Immunoassays

Luminex assays were used as per the AE-TBC study for quantification of interleukin-1 receptor antagonist (IL-1RA), transforming growth factor alpha (TGF-alpha), interferon gamma (IFN-gamma), IFN-gamma-inducible protein 10 (IP-10), tumour necrosis factor alpha (TNF-alpha), IFN-alpha-2, vascular endothelial growth factor (VEGF), matrix metalloproteinase-2 (MMP-2), MMP-9, apolipoprotein A-I (apo-AI), apo-CIII, transthyretin, complement factor H (complement FH) (Merck Millipore, Billerica, Massachusetts, USA); and C-reactive protein (CRP), serum amyloid A (SAA), serum amyloid P (SAP), fibrinogen, ferritin, tissue plasminogen activator (tPA), procalcitonin (PCT), haptoglobin, and alpha-2-macroglobulin (alpha-2-M) (Bio-Rad Laboratories, Hercules, California, USA) (7). Patients were randomised across the series of assays. Sera were diluted as per manufacturers' instructions, except for MMP-2 and−9 which were diluted 1 in 100, and apo-AI, apo-CIII, transthyretin and complement FH which were diluted 1 in 30,000 following optimisation. Assays were performed in single wells with three patients run in duplicate on each plate to estimate intra-assay variability. Quality controls were run on each plate. Plates were read on Bio-Plex 200 instruments at Imperial College London with Bio-Plex Manager v6.1 software (Bio-Rad). Intra-assay variability, calculated as the mean of the coefficients of variance for each analyte individually across all plates, was <12% for all proteins. Results for quality controls fell within expected ranges. If results were below the lower limit of detection, they were assigned a value of zero. If above the upper limit, they were retested at a higher dilution.



Statistical Analyses

For analyses of individual proteins, all patients with results for that protein were included. Protein concentrations were compared between the TB group and each of the OD and LTBI groups in turn using one-sided Mann-Whitney U-tests. The performance of each of the 22 proteins to distinguish TB from each of OD and healthy LTBI in turn by their serum concentration, regardless of HIV status or site, was assessed by the area under the respective ROC curve (ROC AUC). Analyses were performed using GraphPad Prism v7 (GraphPad Software, La Jolla, California, USA).

For the biosignature analyses, as shown in Figure 1, only those patients (i.e., TB and OD) for whom data was gathered for all 22 proteins were included (n = 249). This was because a finite number of kits were purchased at the outset, hence if serum from any patient had to be re-tested because a protein concentration was too high, the total number of patients with results for that protein was reduced. Healthy LTBI controls were omitted from these analyses. Patients were classified as TB if the model predicted the probability of TB was >0.5 (p > 0.5).

To retest the seven-protein signature from the AE-TBC study, data on the entire AE-TBC cohort were used for discovery (n = 701) and on this sample of the ILULU-TB cohort for validation (n = 249). The same method was used as for the AE-TBC signature [Generalised Discriminant Analyses (GDA)] using Statistica (Statsoft, Ohio, USA) (7).

For discovery of the optimal new signature, data on the ILULU-TB cohort alone was used. For consistency with the AE-TBC study, patients were randomly allocated to training and test sets at a ratio of 70:30, regardless of HIV status or study site. The same signature discovery methods were also used, namely GDA and Random Forest analyses of log-transformed values. In addition, we also performed variable selection using the Parallel Regularised Regression Model Search method (PReMS) on decile-normalised values using “R” v3.2.2 (R Foundation for Statistical Computing, Vienna, Austria). This is a logistic regression-based method designed to minimise the number of biomarkers selected (10). For each method, the same allocation of patients to training and test sets was used. Assuming the AE-TBC signature had the same accuracy in our data, we had 95% power to show a sensitivity of >90% and specificity of >66.5% with these new signatures.

For a screening test, albeit for community settings, the WHO recommend a minimum sensitivity of 90% (11). No criteria for a rule-in test are specified. After obtaining the best new signature from each method, we therefore re-tested them after adjusting the cut-off for diagnosis to increase each of the sensitivity and specificity in turn to 90%. This was to assess the performance of each signature as either a rule-out or rule-in test for TB. There were no indeterminate test results.



Ethics Statement

Ethical approval for this study was covered by the approvals for the ILULU-TB study: the Human Research Ethics Committee of the University of Cape Town, South Africa (HREC012/2007), the National Health Sciences Research Committee, Malawi (NHSRC/447), and the Ethics Committee of the London School of Hygiene and Tropical Medicine (5212).




RESULTS

Demographic and clinical features of individuals selected for this study are shown in Table 1. The range of diagnoses that comprised the OD group is shown in Table 2. Medians and interquartile ranges of proteins in each group are shown in Supplementary Table 1.


Table 2. Major clinical diagnoses in the Other Diseases groups of the sample of the ILULU-TB cohort that was selected for this study.
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Performance of Biomarkers Individually

The best performing protein was complement factor H (FH). As shown in Table 3, this had a ROC AUC of 70% (95% confidence interval (CI): 64–76%). This performance was preserved across the sites (70% in Cape Town, 71% in Karonga) and HIV status (71% in HIV uninfected, 69% in HIV infected). ROC curves for these subdivisions are shown in Supplementary Figure 1. In addition, as shown in Figure 2, in comparison with the healthy LTBI control group, concentrations were higher in the TB group but trended toward being lower in the OD group (p = 0.072). This contrasted with the other 21 proteins, in which concentrations in the TB and OD groups differed from those in the LTBI group in the same direction.


Table 3. Diagnostic accuracy of protein biomarkers individually.
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FIGURE 2. Serum concentrations of the top four protein biomarkers (panels A–D) by clinical group. Scatter-dot plots show results for each patient in the ILULU-TB cohort, regardless of HIV status or site. P-values are 1-sided and derived from Mann-Whitney tests. Error bars represent medians and interquartile ranges. IP-10, IFN-gamma-inducible protein 10; IFN-gamma, interferon-gamma.


The concentrations of the top four individual biomarkers in each group are shown in Figure 2, and a display of all individual ROC AUCs is shown in Table 3. In comparison with the AE-TBC study, four proteins performed better in the ILULU-TB cohort (complement FH, SAP, haptoglobin, and alpha-2-M). The remaining 18 showed inferior performance, and the protein with the largest drop in performance was CRP, which was the best performing biomarker in the AE-TBC study and part of the seven-protein signature. Individual ROC AUCs in order of their difference compared to the AE-TBC study are shown in Supplementary Figure 2.

The performance of each protein was then stratified by HIV status. 16 proteins performed better in HIV uninfected patients: complement FH, IP-10, SAA, VEGF, haptoglobin, SAP, transthyretin, apo-CIII, ferritin, alpha-2-M, TGF-alpha, TNF-alpha, MMP-9, apo-AI, PCT, and CRP. Five proteins performed better in HIV co-infected patients: IFN-gamma, fibrinogen, IFN-alpha-2, MMP-2, and IL-1RA. Confidence intervals overlapped for every protein, however (Figure 3).


[image: Figure 3]
FIGURE 3. Individual ROC AUCs for each of HIV uninfected and infected halves of this sample of the ILULU-TB cohort. Green bars: distinction of TB, HIV– from OD, HIV–; yellow bars: TB, HIV+ from OD, HIV+.


Finally, while the main aim was to assess performance of proteins to distinguish TB from OD, we also examined their performance to distinguish TB from LTBI. The protein with the highest ROC AUC for this purpose was CRP (92%, Supplementary Table 2).



Performance of the AE-TBC Signature in the ILULU-TB Cohort

For the biosignature analyses, 122 TB patients and 127 OD patients for whom results were available for all 22 proteins were included. There was an equal distribution of patients across the clinical groups, sites, and HIV status (Figure 1).

The performance of the seven-protein signature from the AE-TBC study in the ILULU-TB cohort is shown in Table 4. With the cut-off for defining a positive test at the default setting (p > 0.5), the sensitivity was greater than in the AE-TBC study [98% (95% CI: 94–100%)], but specificity was markedly reduced [12% (7–19%)]. On comparison of biomarker concentrations between studies, there were significant differences in some proteins, especially apo-AI (Supplementary Figure 3). To understand this, we compared concentrations of apo-AI in our healthy LTBI controls with published normal concentrations. Concentrations in our LTBI group were 4-fold lower than those published (medians 324 vs. 1,180 ug/ml) (12). Concentrations of apo-CIII, however, which was part of the same multiplexed panel, matched those published (medians 114 vs. 114 ug/ml) (13). In addition, concentrations of apo-AI in the AE-TBC TB cohort were higher than published normal concentrations (2,000 vs. 1,180 ug/ml), even though apo-AI concentrations decrease in TB (7).


Table 4. Performance of the seven-protein signature from the AE-TBC study in the ILULU-TB cohort.
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Performance of New Signatures Derived in the ILULU-TB Cohort

The numbers of patients in each subgroup of the ILULU-TB cohort that were randomised to each of the train and test sets are shown in Table 5. The same patients were used for this set of analyses as for the re-test of the AE-TBC signature (n = 249: 122 TB and 127 OD). The results of the best new signatures from each of the GDA, Random Forests and PReMS methods are shown in Tables 6–8. Results are shown with the cut-off at the default setting, and after increasing each of sensitivity and specificity in turn to 90%. Positive and negative predictive values (PPV and NPV) are also shown in each case, based on the equal sizes of the TB and OD groups in this study.


Table 5. Numbers of patients in the ILULU-TB cohort allocated to train and test sets, for novel biosignature discovery.
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Table 6. Performance of a new five-protein signature derived from Generalised Discriminant Analyses (GDA).
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Table 7. Performance of a new 22-protein signature derived from Random Forests analyses.
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Table 8. Performance of a nine-protein signature derived from Parallel Regularised Regression Model Search.
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The GDA method yielded a five-protein signature comprising complement factor H, IP-10, CRP, SAA, and transthyretin. The ROC AUC in the training set was 84% (Table 6). Sensitivities and specificities in the test set were 81% and 63% initially, 79% and 41% after increasing sensitivity, and 58% and 89% after increasing specificity.

The results of the Random Forests analyses, using all 22 proteins, are shown in Table 7. Sensitivities and specificities in the test set were 73% and 71% initially, 92% and 58% after increasing sensitivity, and 95% and 43% after increasing specificity.

The PReMS method yielded a nine-protein signature comprising fibrinogen, alpha-2-M, CRP, MMP-9, transthyretin, complement FH, IFN-gamma, IP-10, and TNF-alpha. As shown in Table 8, this had a ROC AUC of 90% in the training set and 84% in the test set. Sensitivities and specificities in the test set were 86% and 74% initially, 92% and 71% after increasing sensitivity, and 75% and 81% after increasing specificity. At the cut-off for increased sensitivity, PPV and NPV in the test set were 75% and 90%, respectively. The performance in each of the HIV uninfected and co-infected halves of the test set in terms of ROC AUC was 84% for HIV uninfected patients (95% CI: 72–97%) and 86% for co-infected patients (95% CI: 71–100%), regardless of site. The ROC AUC at each of the two sites was 94% at Cape Town (95% CI: 86–100%) and 78% at Karonga (95% CI: 63–93%), regardless of HIV status. The difference between the ROC AUCs at the two sites was not significant by DeLong's test, however (p = 0.069) (14).




DISCUSSION

In the field of host serum proteomics-based TB diagnostics, this study stands out for several reasons. Firstly, it was conducted in Africa, where the burden of TB is highest, and included equal numbers of patients with and without HIV. This is important because the host response to TB may vary by ethnicity (15, 16), and is also distinct in the setting of HIV co-infection. Differences in concentrations of serum proteins between TB patients with and without HIV co-infection have not been extensively studied, although concentrations of neopterin and beta-2-microglobulin have both been found to be significantly higher in TB patients with HIV than without (17). This may reflect a state of “immune activation” in HIV-associated TB, which is well-recognised (18–20). Fundamentally, however, the pathogenesis of TB in HIV co-infection differs significantly, with impaired granuloma formation, less pulmonary cavitation and more dissemination (21–23). With the prevalence of HIV amongst patients presenting with active TB as high as 50% in some areas of Africa, and the TB case fatality rate in HIV co-infection being approximately twice that of HIV uninfected individuals (1), it is essential that any biosignature for use in such settings be derived from a representative population. The range of other diseases to be distinguished from TB is also strongly associated with both geographical location and HIV prevalence. Previous studies have derived promising serum protein signatures using techniques including mass spectrometry, but these were either not set in Africa or did not include or amalgamate sufficient numbers of HIV co-infected patients in both TB and OD (or control) groups (24–29). The two sites in Cape Town and Karonga were also selected in this study to represent the spread of epidemiological settings in Africa. Cape Town was selected to represent urban sites, and also had a low prevalence of malaria. Karonga was selected as a rural site, and had a high prevalence of malaria and other parasitic infections. The second major strength of this study was that patients were prospectively recruited from a point of differential diagnosis. An early study by Agranoff et al. included African sera, but the OD group comprised a selection of diseases whose clinical features “can overlap with” those of TB (26). This is less rigorous, since a population which is more homogenous clinically (such as ours) is likely to be more homogenous in their serum proteomes, and therefore a more challenging one from which to derive markers of host response that are TB-specific. Thirdly, our signatures were tested using immunocapture. Whilst not arising from an untargeted proteomic approach, this ensured that any such signatures were more easily translatable to lateral flow immunoassay. To our knowledge, none of the relevant mass spectrometry-based studies published in the literature performed full technical validation by immunocapture (24–28). Fourthly, the patients recruited to this study were largely hospital attendees, which is also a population currently under-represented in the literature. Two studies recruited hospital patients from sites including in Africa, but either did not include HIV co-infected patients in the discovery cohort, or had a low number of HIV infected patients in the OD group (25, 26). Several recent studies have employed immunocapture to discover new signatures including in patients from Africa, but recruitment was limited to primary care settings (29–33). Patients presenting to hospitals are likely to be more unwell than those presenting to primary care settings, and therefore to have a greater degree of disturbance to their serum proteome. The TB patients in Cape Town were recruited from a clinic, however all were culture positive as per the study design, and therefore likely to have had more advanced disease than cohorts that included clinical diagnoses. Severity of TB is known to affect the concentrations of serum proteins, including CRP, procalcitonin, and serum amyloid A, hence the importance of evaluating biomarker performance at this different level of the healthcare system (34, 35). Other strengths of the study design were that diagnoses were confirmed in all patients, and that healthy controls with LTBI infection were included for reference.

The design of this study was also well-suited to re-testing the biomarkers from the AE-TBC study. The countries in which recruitment took place were a subset of the countries in the AE-TBC study (Malawi and South Africa); the assays were performed using the same Luminex kits and analyser; and the same statistical methods were applied to the data, by the same statistician (7). To complement the signature discovery process, an additional method (PReMS) was also used.

Limitations included the fact that even though the recruitment process was open to extrapulmonary TB (EPTB) cases, no cases of culture positive TB without pulmonary involvement were included. In addition, none of the OD cases were documented as having non-tuberculous mycobacterial disease (NTM), which may more closely resemble TB in terms of host response (36). Secondly, this study was limited to the 22 proteins that had been selected by the AE-TBC based on previous performance in primary care settings. This was a strength in that the biomarkers had been through prior selection to diagnose the disease of interest (TB), but a weakness since they had not all previously been selected from presentations to secondary care. A third weakness was that, in terms of the comparison of biomarker performance between the ILULU-TB and AE-TBC studies, the study designs were different: ILULU-TB was case-control, with group sizes held equal, whereas AE-TBC was a cohort study. The group sizes in the latter therefore reflected local epidemiology, including with regards to HIV prevalence. Another difference was that our OD group comprised both pulmonary and non-pulmonary diseases, whereas AE-TBC focussed on lung diseases only. A final limitation was that our study did not include an external cohort in which to validate any new signatures.

Overall, the performance of the proteins individually was less good in the ILULU-TB cohort, except for complement FH, SAP, haptoglobin, and alpha-2-M. The results for complement FH were particularly promising in that diagnostic performance was sustained across site and HIV status. In addition, the fact that concentrations of complement FH in the TB and OD groups moved in a different direction from each other relative to the healthy controls implies that rising concentrations of complement FH may be TB-specific. Complement FH did distinguish TB from OD (or “no-PTB”) in the AE-TBC study, with higher concentrations in the TB group, but this difference was more pronounced in the ILULU-TB cohort. A possible reason for that might be that transcription of complement FH in vitro is driven by IFN-gamma (37, 38), which in turn has a central role in the host response in TB (39, 40). In keeping with this, IFN-gamma serum concentrations were higher in our TB group than OD group (Figure 2C). As discussed above, the TB cases in the ILULU-TB study were likely more advanced than those in the AE-TBC study, which may have driven serum FH concentrations up higher. An additional possibility is that FH concentrations were lower in our OD group, again due to more severe illnesses. Complement FH concentrations in serum/plasma have not been extensively studied in other infections, but are known to decrease in inflammatory conditions such as lupus nephritis and myaesthenia gravis as a result of excessive complement consumption (41, 42). Enhanced complement activation and consumption has also been shown to occur in HIV-infected patients with sepsis (43), and this may have been relevant for a proportion of our OD cohort. By contrast, the particularly poor performance of CRP in this study is interesting, since this was the best-performing biomarker individually in the AE-TBC study, with concentrations being higher in the TB group. Whilst concentrations trended toward being higher in the TB group in the ILULU-TB study, this difference was not statistically significant, and CRP did not function as a standalone biomarker. This was likely reflective, again, of the more severely ill state of the OD patients in the ILULU-TB cohort, rather than any reduction of levels in our TB cohort. This is supported by CRP being the top individual biomarker to distinguish TB from LTBI in our cohort, and also by previous observations that CRP performs significantly less well in hospital than in community settings (44, 45).

The application of the 7-protein signature from the AE-TBC study directly to the data from the ILULU-TB study was hampered by the fact that concentrations of some of the proteins differed significantly between the two studies. Data accuracy and precision within each of the two studies was good, which suggests that the commonly observed phenomenon of lot-lot variation between multiplexed kits was the main contributor (46). It is possible that the marked decrease in concentrations of apo-AI in our study represent over-correction of calibration by the manufacturer of previously high concentrations, such as were reported in the AE-TBC study.

The newly derived 5-protein GDA signature had a moderately high ROC AUC in the training set of 84% (78–90%). In the test set, however, sensitivity and specificity were less promising. The five proteins were a subset of the seven that comprised the AE-TBC signature, however, which validates them as being among the best biomarkers for TB diagnosis. The Random Forests method produced performances in the test set that were slightly greater, but this was with all 22 proteins included in the model, which is less feasible for translation to a POC test.

The best performing test emerged from the PReMS method in the form of a nine-protein signature comprising fibrinogen, alpha-2-M, CRP, MMP-9, transthyretin, complement factor H, IFN-gamma, IP-10, and TNF-alpha. The highest combined results came from optimising the sensitivity, which yielded 92% sensitivity and 71% specificity in the test set. This was comparable with the performance of the seven-protein signature in the AE-TBC study. It also exceeded the WHO minimum requirements for a “triage test” for TB, which is notable, even though that particular target was designed with community settings in mind (11). The potential benefit of a screening test in hospital settings is clear, since it would decrease the number of sputum-based investigations that would be needed, including by GeneXpert, as well as unnecessary courses of TB treatment. The performance of the signature was unaffected by HIV status, which is promising for use in African settings, and also contrasts with the performance of sputum smear microscopy, which is significantly less sensitive in HIV co-infected patients (47).

This study focussed on culture positive TB, in order to derive a signature based on confirmed cases. Future validation studies, however, should include culture negative pulmonary TB cases, as well as EPTB, and OD groups including NTM disease. In addition, translation to POC will depend on the availability of LFA platforms for measuring multiple proteins. LFAs have been shown to be feasible for use in sub-Saharan African settings and accurate across four orders of magnitude, without the need for a cold chain for distribution or storage (6). Multiplexing technology is also emerging for LFAs, with multiple proteins either being detected in series, along one strip (48, 49), or in parallel, with multiple strips contained within one handheld device (50).

In summary, we retested the performance of 22 host serum protein biomarkers of TB that had originally been selected from primary care studies in Africa in a large sample from a well-characterised cohort recruited largely from hospitals. The top-performing single biomarker was complement factor H, which is a novel marker of TB in this setting. A nine-protein biosignature was discovered which showed promise for use as a POC screening test in hospital settings, and performed equally well in individuals co-infected with HIV. Translation to this will depend on validation in independent cohorts and on development of accurate POC platforms.
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The development of a non-sputum-based, point-of-care diagnostic test for tuberculosis (TB) is a priority in the global effort to combat this disease, particularly in resource-constrained settings. Previous studies have identified host biomarker signatures which showed potential, but there is a need to validate and refine these for development as a test. We recruited 1,403 adults presenting with symptoms suggestive of pulmonary TB at primary healthcare clinics in six countries from West, East and Southern Africa. Of the study cohort, 326 were diagnosed with TB and 787 with other respiratory diseases, from whom we randomly selected 1005 participants. Using Luminex® technology, we measured the levels of 20 host biomarkers in serum samples which we used to evaluate the diagnostic accuracy of previously identified and novel bio-signatures. Our previously identified seven-marker bio-signature did not perform well (sensitivity: 89%, specificity: 60%). We also identified an optimal, two-marker bio-signature with a sensitivity of 94% and specificity of 69% in patients with no history of previous TB. This signature performed slightly better than C-reactive protein (CRP) alone. The cut-off value for a positive diagnosis differed for human immuno-deficiency virus (HIV)-positive and -negative individuals. Notably, we also found that no signature was able to diagnose TB adequately in patients with a prior history of the disease. We have identified a two-marker, pan-African bio-signature which is more robust than CRP alone and meets the World Health Organization (WHO) target product profile requirements for a triage test in both HIV-negative and HIV-positive individuals. This signature could be incorporated into a point-of-care device, greatly reducing the necessity for expensive confirmatory diagnostics and potentially reducing the number of cases currently lost to follow-up. It might also potentially be useful with individuals unable to provide sputum or with paucibacillary disease. We suggest that the performance of TB diagnostic signatures can be improved by incorporating the HIV-status of the patient. We further suggest that only patients who have never had TB be subjected to a triage test and that those with a history of previous TB be evaluated using more direct diagnostic techniques.




Keywords: bio-signature, diagnostic, validation, blood, biomarkers, point of care, M. tuberculosis (M. tb)



Introduction

Tuberculosis (TB) remains a major global health burden with the World Health Organization (WHO) reporting 10.4 million new TB cases and 1.6 million TB-related deaths worldwide in 2018. TB is also the leading cause of death for people infected with the human immunodeficiency viruses (HIV) (1). The lack of rapid, accurate, point-of-care diagnostic tests poses a serious challenge to control efforts (2). The Ziehl Nielsen sputum smear test is often the only affordable diagnostic tool available in resource constrained environments, even though its limitations, notably its low sensitivity, are well publicized (3, 4). Mycobacterium tuberculosis (M.tb) culture, the reference test, is not widely available in these settings. It also has several drawbacks which include a long turnaround time, high costs, and significant rate of contamination (3). The GeneXpert® MTB/RIF sputum test (Cepheid, USA), one of the major advances in TB diagnosis, produces results within 2 h and is coupled with the detection of rifampicin resistance. The GeneXpert® test is widely available in developed countries but limitations, including relatively high operating costs and infrastructural requirements hinder its use in resource-constrained settings (5, 6). It also has significantly reduced sensitivity in paucibacillary disease although this has been somewhat remedied by the newer Xpert Ultra® (7). A common and very important limitation of the above-mentioned diagnostic tests is that they are all sputum-based which renders them unsuitable for use in individuals who have difficulty in providing good quality sputum. This is particularly true of children, who typically develop paucibacillary disease (8), and also of individuals with extra-pulmonary TB or who are HIV-positive. There is, therefore, an urgent need for alternative diagnostic tests that are suitable for use in all patient types, especially in resource-poor settings (9).

Transcriptome-based diagnostic markers have attracted a good deal of interest as an alternative to current tests. They are particularly attractive as detection technologies are well established and require minimal adaptation, irrespective of the target markers. While this approach shows some promise and has the advantage of being relatively easy to implement, as a result of small sample numbers or inappropriate controls, most studies to date have failed to yield a performance which meets the requirements of the WHO for a viable diagnostic (10).

Immunodiagnostics have received considerable attention as an alternative for the detection of TB disease in recent years (11, 12). They are particularly promising as they could be developed into point-of-care tests, which would be easily accessible to resource limited settings. Such tests would also be useful in cases where a sputum-based diagnosis (GeneXpert®, smear microscopy or culture) is difficult or not available (13). The emergence of interferon gamma release assays (IGRAs) was a prominent advancement in the development of immunodiagnostic tools for M.tb. Commercially available IGRAs rely on the reaction of the immune system to antigens encoded within the region of difference 1 (RD1) of the M.tb genome, namely early secreted antigenic target 6 (ESAT-6) and culture filtrate protein 10 (CFP-10) (14). These assays are useful in diagnosis of infection with M.tb, however, they are of limited value in high TB-endemic areas as they cannot discriminate between active TB and latent M.tb infection. Attempts have been made to identify antigens that may be useful in the diagnosis of active TB (15–17). However, the requirement for overnight culture precludes the use of these assays as point-of-care tests.

Host immunological markers detected in ex vivo samples have shown potential for the diagnosis of TB disease (13, 18–21). These markers may be incorporated into a field-friendly, point-of-care test based on finger-prick blood and lateral flow technology. One such test, currently under development, relies on a seven-marker host bio-signature identified in serum (20). However, tests based on large signatures such as this are expensive, complex to design and manufacture and rely on the continued production of numerous components by suppliers. It would, therefore, be of benefit to devise a small, reliable bio-signature implementable in a test device that would be cost-effective and relatively simple to produce. One such signature that has been previous identified in a high-TB incidence setting in HIV-positive participants is C-reactive protein (CRP) (22). It appears to be one of the more promising markers and consequently worth validating in this study in a broader context.

An important characteristic of TB, which complicates its diagnosis, is its frequent association with HIV infection (23). Any diagnostic test that is to be useful should be capable of detecting TB in both HIV-positive and -negative patients. Immunological responses of patients to M.tb may differ, dependent on their genetic profiles as well as the bacterial strain with which they are infected (24). It is, therefore, important that a diagnostic test be sufficiently robust as to yield valid results irrespective of host-genetic background and prevalent M.tb strains.

This study investigated the potential of several previously identified, serum protein host markers to detect pulmonary TB in patients presenting at primary healthcare clinics, in seven sites across six African countries, with symptoms indicating possible TB (20). We further aimed to investigate the diagnostic potential of modified bio-signatures identified by us and combinations of other markers from the literature (20, 21). The study comprised a large cohort of HIV-negative and HIV-positive participants from different regions of the African continent in order to ensure that any bio-signature identified would be widely applicable in a point-of-care test for TB disease.



Methods


Study Participants

We prospectively recruited 1,403 adults (18 years or older) (Figure 1), presenting with symptoms suggestive of pulmonary TB disease at primary healthcare clinics at seven field sites in six African countries as previously described (20). Both HIV-positive and -negative participants were included. Participants in this study were recruited as part of the EDCTP-funded African-European Tuberculosis Consortium (AE-TBC) which included Stellenbosch University (SUN), South Africa; Makerere University, Uganda (UCRC); Medical Research Council Unit, The Gambia at the London School of Hygiene and Tropical Medicine (MRCG); Karonga Prevention Study (KPS), Malawi; University of Namibia (UNAM), Namibia; Ethiopian Health and Nutrition Research Institute (EHNRI), Ethiopia and The Armauer Hansen Research Institute (AHRI), Ethiopia.




Figure 1 | STARD diagram showing the study design and classification of study participants. TB, pulmonary TB; ORD, individuals presenting with symptoms and investigated for pulmonary TB but in whom TB disease was ruled out; ROC, receiver operator characteristic. STARD, Standards for Reporting of Diagnostic Accuracy.



Criteria for inclusion in the study were a cough persisting for more than 2 weeks together with any one of the following: fever, recent weight-loss, night-sweats, hemoptysis, chest-pain, or anorexia. Participants were included in the study if they were 18 years or older, willing to give written informed consent, including for HIV testing using a rapid test (Abbott, Germany), and sample storage. Exclusion criteria for the study included severe anemia (hemoglobin <10g/l), pregnancy, other known chronic diseases such as diabetes mellitus, current anti-TB treatment, anti-TB treatment in the last 3 months, use of quinolone or aminoglycoside antibiotics in the past 2 months, or residency in the study area for less than 3 months. Study participants were recruited between November 2010 and November 2012.

Approval for the study was granted by the Human Research Ethics Committee of Stellenbosch University (N10/08/274) as well as the ethics committees of the respective partner institutions.



Classification of Study Participants

Prior to the commencement of recruitment, harmonized case definitions were established to be used for the classification of study participants at all study sites. Using a combination of clinical, radiological, and laboratory findings, participants were classified as either definite TB cases, probable TB cases, or other respiratory disease (ORD) as previously described (20). The ORD cases were participants diagnosed as having a range of other respiratory conditions including upper and lower respiratory tract bacterial or viral infections (although no attempt was made to identify organisms by culture), and acute exacerbations of chronic obstructive pulmonary disease or asthma. In assessing the diagnostic accuracy of the markers investigated in the present study, all the definite and probable TB cases were classified as “TB,” and then compared to the ORD cases (Figure 1). Participants who could not be diagnosed with an acceptable degree of certainty due to insufficient or contradictory clinical evidence (Table 2) were excluded from the analysis.



Reading of Chest X-Rays

Each chest X-ray was reviewed by research medical officers at each site, who decided whether the quality was adequate for classification and then classified it as either normal, abnormal and suggestive of active TB, or abnormal and not suggestive of active TB. Repeat X-rays were compared to baseline X-rays and classified as wither resolved, improved, unchanged, or deteriorated. Lesion types were also documented for abnormal X-rays. The central study clinician reviewed X-rays of all participants whose main study classification (definite TB, probable Tb, No TB) was dependent on the chest X-ray findings. Cases in which the central study clinician’s opinion differed from that of the research medical officer were discussed with the study PI.



Sample Collection and Microbiological Diagnostic Tests

Harmonized protocols were used for collection and processing of samples across all study sites. Briefly, blood samples were collected at first contact with the patient in 4ml plain BD Vacutainer serum tubes (BD Biosciences) and transported within 3 h at ambient temperature to the laboratory. Tubes were then centrifuged at 2,500 rpm for 10 min, after which serum was harvested, aliquoted into bar-coded cryotubes, and frozen at –80°C until use. Sputum samples were collected from all participants and cultured using either the Mycobacteria growth indicator tube (MGIT) method (BD Biosciences) or Lowenstein–Jensen media, depending on facilities available at the study site. Specimens demonstrating growth of micro-organisms were examined for acid-fast bacilli using the Ziehl–Neelsen method followed by either Capilia TB testing (TAUNS, Numazu, Japan) or polymerase chain reaction (PCR) to confirm the isolation of organisms of the M.tb complex before being designated as positive cultures.



Luminex® Multiplex Immunoassay

Using Luminex® technology, we measured the levels of 20 host biomarkers using antibodies supplied by Merck Millipore, Billerica, Massachusetts, USA and R&D Systems, Minneapolis, Minnesota, USA (Table 1). All samples were evaluated undiluted or diluted according to the manufacturers recommendations. Samples were randomized to assay plates with the experimenter blinded to sample data. All assays were performed and read in a central laboratory (SUN) on the Bio-Plex platform (Bio-Rad), with the Bio-Plex Manager Software (ver. 6·1) used for bead acquisition and analysis.


Table 1 | Host markers evaluated in this study nomenclature.





Data Management and Statistical Analysis

All participant and laboratory data were captured using a central REDCap database hosted at SUN (25). Participant and sample management was done using a multi-site study management REDCap plugin application developed at SUN.

All statistical analysis was done using R (ver. 3·6·1) [R Core Team (2019). R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna, Austria. URL https://www.R-project.org/] working in the RStudio (ver. 1·2·5019) environment (RStudio Team (2019), RStudio: Integrated Development for R. RStudio, Inc., Boston, MA URL http://www.rstudio.com/) running on Kubuntu Linux 19·04. Unless otherwise stated, graphs were produced using the ggplot2 package (ver. 3·2·1). Parallel processing was facilitated by the doParallel package.

Missing values for SAA fluorescence data were imputed for 42 records using the missForest package using sex, age, HIV status, TB status, and all analytes as predictors.

Due to the presence of a few extreme fluorescence values for some of the analytes, the fluorescence data were subjected to winsorization whereby values greater than 10 median absolute deviations from the median were proportionally shrunk toward the median absolute deviation as calculated with the exclusion of the outliers.

Data were randomly divided into a training set (60%) and a test set (40%). Representivity of each study site in the training set ranged from 55 to 66% of the site’s data.

Sparse Linear Discriminant Analysis (sparseLDA) models were trained using the Caret package (ver. 6.0-84) with predictor variables normalized using the YeoJohnson transformation, centered and scaled. Smote resampling was used to balance the proportions of TB and non-TB cases. Models were optimized for maximum sensitivity at a minimum specificity of 0.7 using a customized version of Caret’s twoClassSummary function.

A model based on a previously published combination of 7 markers was trained using 32-times repeated, 10-fold cross-validation to select the optimal number of terms and the value for the regularization parameter, lambda. The model allowed interactions between the predictors.

An optimal model was developed by first selecting a set of markers by training a model using 32-times repeated, 10-fold cross-validation without interactions. These markers were then used to generate a new model, which allowed interactions between the predictors, using cross-validation to select the optimal number of terms and value for the regularization term, lambda, which reduces the risk of overfitting.

A model, weighted to compensate for the lower prevalence of HIV-positive cases in the dataset, was generated similarly, but with the addition of a weights vector to the caret::train function. HIV-positive cases were assigned a weight inversely proportional to the number of HIV-positive cases and likewise for HIV-negative cases.

Receiver-operator characteristic (ROC) curves were produced using the pROC package. The 95% confidence intervals for sensitivity were generated by bootstrap resampling (R=10,000). Optimal cut-off values were selected as the highest sensitivity such that specificity remained above 70% where possible. Area under the curve (AUC) values were compared using the bootstrap method.




Results


Clinical and Demographic Characteristics of Study Participants

In the current study we recruited a total of 1,403 participants (Figure 1). Of these, 196 participants were excluded due to the unavailability of data or samples. Using pre-established case definitions (Table 2), 268 (22.2%) of the remaining 1,207 study participants were classified as definite pulmonary TB cases and 58 (4.8%) as probable TB cases, together representing the active TB group (326 participants; 27.0%). 787 (65.2%) were classified as ORD cases. Ninety-four (7·8%) participants could not be reliably classified due to incomplete data or loss to follow-up and were excluded from the study. 1,005 of the remaining participants were randomly selected for further analysis. Demographic and clinical details of the participants are given in Table 3.


Table 2 | Classification definitions used to identify study participants groups.




Table 3 | Clinical and demographic characteristics of analyzed study participants from the seven study sites.





Performance of Individual Serum Biomarkers in the Diagnosis of TB Disease

Using the training data-set, 17 of the 20 serum markers investigated in the study showed significant differences (p<0.0025 corrected for multiple testing) between the TB and ORD cases, irrespective of HIV infection status or country of sample origin. Those that did not were IFN-γ, ApoA-1, and Serpin C1. When we investigated the ability of the markers to diagnose TB disease using ROC curve analysis, the areas under the ROC curve (AUC) were between 0.70 to 0.86 for 12 out of the 20 investigated analytes, namely; ApoCIII, BNDF, I-309, CRP, IP-10, MIG, ferritin, fibrinogen, IFN-γ, SAA, SAP, and TNF-α (Figures 2 and 3).




Figure 2 | Receiver-operator characteristic (ROC) curves of the diagnostic performance of the individual biomarkers in the training set. Sensitivity and specificity are given for the maximized Youden’s J statistic cut-off point.






Figure 3 | Fluorescent intensities on a log scale of biomarkers detected in the serum samples of participants with tuberculosis (TB) and those with other respiratory disease (ORD), for all 20 markers analyzed. Unadjusted permutation test p-values for the difference between the means of the groups are given for each biomarker (105 permutations).





Performance of Serum Multi-Analyte Models in the Diagnosis of TB Disease


Performance of the Optimal Bio-Signature

In order to identify the best performing marker combination, we generated a model using the sparseLDA algorithm with no constraint on marker number. This identified a two-marker, optimal bio-signature. The selected markers were: I-309 and CRP. We constructed a sparseLDA model from these markers, including interactions between terms, which yielded a sensitivity of 93% and a specificity of 68% on the test set. The area under the ROC curve (AUC) for this model was 0·90 (Table 4) (26).


Table 4 | Performance of the predictive models.



While training the model, we noted that the optimal cut-off for HIV-positive participants was different to that for HIV-negatives. In order to maximize the performance of the model, it was therefore necessary to choose separate cut-off values for these two groups. The model then yielded sensitivities and specificities of 91 and 73% for HIV-negative cases and 87 and 64% for HIV-positive cases respectively (Table 4; Figure 4). Attempting to improve the model’s performance on HIV-positive cases by weighting their contribution to the model by the inverse of their proportion during training did not produce any noticeable effect.




Figure 4 | Receiver-operator characteristic (ROC) curve for the optimal bio-signature (CRP and I-309) for HIV-positive (N=85) and HIV-negative (N=316) individuals. The optimal sensitivity and specificity are shown on the bottom right corner together with the negative and positive predictive values.





Performance of the Best Bio-Signature Without CRP

To determine the degree of dependence on CRP, we repeated the optimal model construction, excluding CRP from the available set of markers. In this scenario, the algorithm selected I-309, NCAM and SAA. The performance of this signature was marginally inferior to, that of the optimal signature in both HIV-negative and HIV-positive individuals (Table 4, Figure S3). Weighting the data to increase the contribution of HIV-positive cases did not significantly improve the performance of the model on this group.



Performance of the Previously Identified Seven-Marker Bio-Signature

We previously identified a seven-marker bio-signature comprising: ApoA-1, CFH, CRP, IFN-γ, IP-10, SAA, and transthyretin (20). This had a sensitivity and specificity of 93.8 and 73.3% respectively when the model was applied to a test set. The data for that study was generated from an early-recruitment subset of the samples used in the current study, from five of the seven field-sites. We investigated the diagnostic potential of the seven-marker serum bio-signature, with transthyretin removed, as antibodies for this marker were no longer available for Luminex®. To do this, we used a 60% training set which was a super-set of samples from the participants common to this and the original study. Model performance was evaluated on a test set comprising the remainder of the samples in the current study. These had not been part of the original study. This signature did not perform well. The sensitivity and specificity in HIV-negative individuals was 88 and 61% respectively and in HIV-positive individuals, 80 and 57% (Table 4; Figure 5).




Figure 5 | Receiver-operator characteristic (ROC) curve for the modified seven marker bio-signature originating from Chegou and colleagues, excluding transthyretin, for HIV-positive (n=41) and HIV-negative (n=309) individuals (20). The optimal sensitivity and specificity bottom right together with the negative and positive predictive values.





Performance of CRP

We built a model to validate the previously identified single diagnostic marker, CRP (22). We found a sensitivity of 89% and specificity of 75% in HIV-negative participants and 90 and 67% respectively when tested against HIV-positive participants (Table 4; Figure 6).




Figure 6 | Receiver-operator characteristic (ROC) curve for CRP only for HIV-positive (N=85) and HIV-negative (N=316) individuals. The optimal sensitivity and specificity are shown on the bottom right corner together with the negative and positive predictive values.





Performance with Respect to History of Previous TB

We investigated the performance of the optimal model separately on participants with a history of previous TB and those without. We found that the bio-signature performed well for participants with no history of previous TB. For HIV-positive participants, we achieved a sensitivity of 95% and a specificity of 64% and for HIV-negatives, a sensitivity of 93% and specificity of 76% (Table 4; Figure 7). For participants with a previous episode of TB, however, the bio-signature was far less informative. In this case, for HIV-positive participants, we measured a sensitivity of 70% and a specificity of 73%, while for HIV-negatives, the values were 82 and 68% respectively (Table 4; Figure 8). The optimal bio-signature therefore met the requirements of the WHO TPP for a triage test in patients without a history of previous TB, although the specificity for HIV-positive patients was slightly lower than desired (26).




Figure 7 | Receiver-operator characteristic (ROC) curves of the performance of the optimal bio-signature (CRP and I-309) for HIV-positive (n=64) and HIV-negative (n=274) individuals with no previous history of TB. The optimal sensitivity and specificity are shown on the bottom right corner of each ROC curve together with the negative and positive predictive values.






Figure 8 | Receiver-operator characteristic (ROC) curves of the performance of the optimal bio-signature (CRP and I-309) for HIV-positive (n=21) and HIV-negative (n=42) individuals with a history of previous TB. The optimal sensitivity and specificity are shown on the bottom right corner of each ROC curve together with the negative and positive predictive values.






Comparison of Model Performance

In comparing the AUCs of the ROC curves of the various models, we found that the optimal signature significantly out-performed CRP on its own (p=0.032, stratified bootstrap). This was also the case when we compared the sensitivities of these two models at a specificity of 0.7 (p=0.032, stratified bootstrap). There were no significant pairwise differences between any of the other models.




Discussion

The development of a better diagnostic tool for TB is an important goal in the fight against this disease. To this end, we investigated the ability of 20 previously identified host serum protein biomarkers to diagnose TB disease in individuals presenting with symptoms suggestive of TB disease at peripheral healthcare clinics in six African countries. Twelve of the 20 investigated biomarkers showed promise in this study for diagnosing TB disease as their ROC curves when distinguishing between the TB and ORD groups had AUCs greater than 0.7.

Although many biomarkers obtained from various body-fluids show promise individually for diagnosing TB, single markers tend to be less robust than combination bio-signatures due to their non-specificity and tendency to be affected by other factors such as HIV-infection (20). This was the case when we attempted to validate the previously identified biomarker, CRP, which was less effective at diagnosing TB than the optimal two-marker model.

We identified an optimal diagnostic bio-signature, irrespective of African country of origin, comprising two markers: the chemoattractant, I.309 and CRP. This signature meets the WHO minimum requirements for a triage test, which is a sensitivity of 90% and specificity of 70%, in HIV-negative patients and in HIV-positive patients with no previous history of TB (26). Given the frequent co-morbidity of TB and HIV infection and the difficulties this creates for diagnosing TB, it is encouraging that our diagnostic bio-signature is successful regardless of HIV infection status, albeit with wider confidence intervals in the case of HIV positive participants. It should be noted, however, that I.309 is present in blood at far lower concentrations than CRP which poses a technological challenge for measurement in a point-of-care device.

The poor performance that we observed for our bio-signature in participants with a history of previous TB has not, as far as we are aware, been previously reported and raises the question as to whether any surrogate biomarker for TB disease can perform well in patients in this category. It is worth noting that this is a limitation shared by the Xpert Ultra® technology (27). The number of patients falling into this group in the test set was small (n=63) which may explain the lack of significant difference in the performance of the model between this and the first-time TB group. However, it is also possible that this group had an inherently greater variability in marker levels leading to the very wide observed confidence intervals. Considering that most candidate markers for active TB are related to inflammation and that previous TB episodes often cause chronic lung damage, in turn leading to chronic inflammation, it is not entirely unexpected that the performance of these markers could be influenced by previous TB episodes. These preliminary findings will need to be confirmed by further studies. Since it has been established that a prior episode of TB tends to increase the risk of a repeat episode, it could be argued that such patients, on presenting with suspected TB, should bypass the triage test and be referred for confirmatory testing (28). It would be interesting to know whether the time elapsed since the previous episode affects the predictive power of the test. However, this will need to be examined in a follow-up investigation as this data was not available in the present study.

Yoon et al. previously reported on a CRP-based point-of-care screening test for TB (89% sensitivity and 72% specificity with a pre-determined threshold of 10mg/L) in antiretroviral therapy-naive, HIV-infected individuals with low CD4-cell counts from Uganda (22). We found CRP to be a common factor in, and indeed, the most important component of all our bio-signatures. When we excluded this marker from use by the modeling algorithm, we observed a slight, but non-significant, decrease in discriminatory power of the resultant model as has been previously reported (29). While raised levels of CRP are by no means specific to TB, this marker does appear to be the strongest differentiator between this and other lung diseases. An advantage of CRP as a biomarker is its applicability, regardless of HIV infection status, due to its lack of dependence on the presence of CD4 cells (29). This feature, however, is not unique to CRP as other biomarkers such as IP-10, SAA, and ferritin are also produced in the context of HIV infection and may, therefore, be suitable substitutes (30, 31). It seems clear, however, that any serum protein-based bio-signature is likely to require the inclusion of CRP, but that additional markers may aid in boosting its performance above the WHO’s TPP threshold.

Ideally, a point-of-care test would be capable of analyzing a raw, unprocessed sample such as finger-prick blood. Given that the current results are based on serum analyzed using a highly sophisticated laboratory instrument, it is likely that any point-of-care test based on the same analytes would demonstrate different characteristics, resulting in a possible loss of performance in translation to the final product. However, the significant degree of correlation between many immunological biomarkers means that it would be quite possible to substitute a marker which did not perform as desired in the end-product device with an alternative. It should also be noted that the performance of our bio-signatures exceeded the minimum criteria by a considerable degree in three of the sites which suggests that there may be some margin for loss of performance without dropping below these values.

Our attempt to validate our previously reported, seven-marker bio-signature was not successful. This failure may partially be explained by the necessary exclusion of transthyretin, which was an important component of the original signature, but was not available on the Luminex® platform. Nevertheless, this result highlights the importance of subjecting promising results to validation on independent datasets.

A major strength of this study is the diversity of the study sites, including participants from East, West, and Southern Africa. We were able to demonstrate that our bio-signatures performed well in sites from all three African regions, although performance in three sites (KPS, UNAM, and EHNRI) was less than optimal. This is particularly pertinent as Africa accounts for 16 of the 30 countries with a high burden of TB and is also subject to resource limitations, making a point-of-care test highly beneficial in this context (1). Site-specific performance of the optimal model is presented in the supplemental data (Figure S2).

The under-performance of the bio-signatures in certain sites is a source of some concern. In the case of UNAM, participant numbers were approximately half that of the other sites with the result that there were only 19 participants from this site in the test set. In addition, due to overly rigorous screening at this site, only 22% of participants fell into the ORD group. In addition, UNAM and KPS had much higher proportions of HIV-positive participants than the other sites which may have negatively impacted their results. It should also be noted that these three sites experienced a number of logistical difficulties such as remote location, unreliable power supply, and less experienced staff which may have impacted on the quality of the samples and data.

The pan-African performance of our bio-signature is very encouraging, however, it remains to be seen whether this success translates to other settings where differing conditions or population genetics may have a negative impact. It also remains for the bio-signature identified in this study to be validated using finger-prick blood and technology appropriate to a point-of-care test. Further studies addressing these questions are in progress.

Being blood-based, rather than requiring the production of sputum, our bio-signature may also prove to be useful in children, who typically develop paucibacillary disease, as well as in individuals presenting with extra-pulmonary TB. Performance in these cohorts should be addressed once the signature has been validated in field-tests in adult pulmonary TB patients.

A potential source of error in this study, and others of this nature, stems from the existence of a subgroup of participants whose diagnosis is uncertain. A rule-out test, such as the one proposed here, ought to classify these as TB so that they would be subject to further investigation. Unfortunately, this cannot be verified as these participants were excluded from this study. This is a point which should be addressed in a field-trial of the diagnostic test.

We suggest that the results presented here constitute strong evidence that the development of a TB triage diagnostic test based on a small number of immunological biomarkers is feasible. Such a tool would be of substantial benefit, particularly in under-resourced setting, which tend to have the highest burden of disease, by reducing the number of unnecessary referrals for expensive, confirmatory diagnostics such as GeneXpert®. As a result of its rapid turn-around time, it would also have the benefit of reducing the number of TB cases currently lost to follow-up which, in turn, would decrease the infection pressure in the affected communities.
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Recently, host whole blood gene expression signatures have been identified for diagnosis of tuberculosis (TB). Absolute quantification of the concentrations of signature transcripts in blood have not been reported, but would facilitate diagnostic test development. To identify minimal transcript signatures, we applied a transcript selection procedure to microarray data from African adults comprising 536 patients with TB, other diseases (OD) and latent TB (LTBI), divided into training and test sets. Signatures were further investigated using reverse transcriptase (RT)—digital PCR (dPCR). A four-transcript signature (GBP6, TMCC1, PRDM1, and ARG1) measured using RT-dPCR distinguished TB patients from those with OD (area under the curve (AUC) 93.8% (CI95% 82.2–100%). A three-transcript signature (FCGR1A, ZNF296, and C1QB) differentiated TB from LTBI (AUC 97.3%, CI95%: 93.3–100%), regardless of HIV. These signatures have been validated across platforms and across samples offering strong, quantitative support for their use as diagnostic biomarkers for TB.

Keywords: tuberculosis, transcriptomics, dPCR, gene expression, signatures, biomarkers


INTRODUCTION

Despite over a century's research effort to identify new diagnostic tools we still lack diagnostic tests for tuberculosis (TB) that are sensitive, affordable and robust. The majority of TB diagnostics are based on identifying the pathogen in sputum, by microscopy, culture or PCR. However, current methods fail to identify the pathogen in a significant proportion of cases, either due to inadequacies in sputum collection, paucibacillary disease, HIV infection or in patients with extrapulmonary forms (1). As a result the World Health Organization (WHO) estimates that approximately three in every ten TB cases go unreported or undiagnosed (2). Given the problems associated with using sputum as a clinical sample, the WHO and the Foundation for Innovative New Diagnostics published a target product profile (TPP) for a non-sputum biomarker test in 2014 (3). This specified the seven proposed key characteristics of a rapid biomarker-based non-sputum-based test for detecting TB including minimal and optimal sensitivity and specificity of such a test and also discussed sample accessibility, time to result, maintenance and cost.

Recent years have seen a rise in the emergence of host-response-based infectious disease diagnostics. These detect evidence of a host immune response to an infection, which is advantageous when there are very low numbers of the pathogen in the body or when pathogens colonize inaccessible sites. A number of disease specific “omic” signatures have been identified, facilitated by advances in technology to analyse the genome, transcriptome, epigenome, lipidome, metabolome, and proteome in a high-throughput and quantitative manner (4). As well as improving our understanding of the pathogenesis of a range of infectious diseases, these signatures have the potential to be used as diagnostic biomarkers.

Gene expression studies have significantly enhanced our knowledge of the roles of various components of the immune system in TB disease (5–7). A number of gene expression signatures have been published that can distinguish TB from healthy controls (HCs) and correlate with disease progression (8–10). These could serve as important indicators of disease progression from latent TB infection (LTBI) to TB, and therefore guide antibiotic selection (11).

The most clinically important need is for biomarkers to distinguish TB from the range of other conditions with similar clinical presentation. TB shares symptoms and clinical signs with many other diseases (OD), including a wide range of infectious, inflammatory and malignant conditions, such as pneumonia or other HIV-associated opportunistic infections. Distinguishing between TB and OD is particularly important in patients living with HIV, because extrapulmonary TB is more common in these patients (12, 13) such that most sputum-based tests are poorly sensitive, and HIV-associated malignancies or opportunistic infections can have similar clinical presentations. However, the majority of TB gene expression studies published to date have compared TB cohorts to HCs, LTBI or patients with OD, mostly in the absence of HIV infection.

A previous study Kaforou et al. (14) addressed these issues by studying patients with symptoms suggestive of TB in Malawi and South Africa (including both HIV-infected and uninfected persons) and classifying them as TB, LTBI or OD. Blood gene expression signatures were identified using genome-wide microarrays that distinguished TB from OD and LTBI (14). A 44-transcript signature was found to distinguish TB from OD with sensitivity of 93% (CI95% 83–100) and specificity of 88% (CI95% 74–97). A 27-transcript signature distinguished TB from LTBI with sensitivity of 95% (CI95% 87–100) and specificity of 90% (CI95% 80–97). These signatures showed only slightly reduced accuracy in HIV-coinfected individuals (14).

Further reduction in the number of transcripts comprising these gene expression signatures makes their use as diagnostic markers more feasible for clinical translation, particularly at the point-of-care and in resource-limited settings (15). This has been the subject of significant research effort and a number of bioinformatics approaches have been employed. Sweeney et al. identified a three-gene signature for TB, comprised of GBP5, DUSP3, and KLF2 in a meta-analysis of publicly available gene expression microarray data (16). Maertzdorf et al. used random forest models and confidence interval decision trees to identify a four-transcript signature comprising GBP1, IFITM3, P2RY14, and ID3, that distinguished between TB and HC, regardless of HIV infection status (17). Other recent studies identified minimal gene expression signatures in populations from high-endemic countries that predict progression from latent infection to active TB disease with accuracy, excluding cases with HIV co-infection (18, 19).

Quantification of individual TB gene expression signature transcripts would be useful to determine the limits of detection required for diagnostic tests based on these signatures. The established method of choice for performing absolute quantification of nucleic acids is quantitative PCR (qPCR), where amplicon generation is measured in real time and related back to the starting concentration of template. While RNA-seq has emerged as a powerful technique for investigating RNA species within a given sample, it can only provide relative quantification of RNA species (20). In recent years, digital PCR (dPCR) has emerged as a promising alternative to qPCR. dPCR is a useful method for quickly and efficiently providing absolute quantification of individual mRNA species and has been shown to be more reproducible and less prone to inhibition than qPCR (21, 22). The high precision offered by dPCR makes it ideally suited to the detection of rare point mutations and the accurate detection of low microbial loads, among other applications (23–25).

We hypothesized that we could further reduce the number of transcripts comprising the previously reported signatures distinguishing TB from OD and LTBI Kaforou et al. (14) using feature selection algorithms applied to microarray data, and that reverse transcription-dPCR (RT-dPCR) could be used to quantify the concentrations of individual gene transcripts in purified RNA from whole blood. We postulated that this cross-sample, cross-platform (microarray and RT-dPCR), cross-population study will aid the advance of the TB transcriptomics field toward developing and establishing the use of host transcriptomics for TB diagnosis.



MATERIALS AND METHODS


Ethics Statement

The study was approved by the Human Research Ethics Committee of the University of Cape Town, South Africa (HREC012/2007), the National Health Sciences Research Committee, Malawi (NHSRC/447), and the Ethics Committee of the London School of Hygiene and Tropical Medicine (5212). Written information was provided by trained local health workers in local languages and all patients provided written consent.



Derivation of Reduced Signatures Using Microarray Data

The patient cohorts recruited in South Africa and Malawi for the original prospective cohort microarray study were fully described previously, including the diagnostic procedures and patient assignment as TB, OD or LTBI (14). In addition, the whole-blood genome-wide expression measured in this cohort was reported (14), and made publicly available at NCBI's Gene Expression Omnibus, accessible through GEO Series accession number GSE37250. The microarray data was pre-processed as described in (14). Data from the processed and normalized expression set were split randomly into training and test set (80–20 split). FS-PLS (26, 27) was employed in order to generate smaller gene expression signatures. FS-PLS is an iterative forward selection algorithm which at each step selects the most strongly associated variable after projecting the data matrix into a space orthogonal to all the variables previously selected. It combines the dimensionality reduction strength of PLS and the model simplicity and interpretability of FS regression. The classificatory performance of the signatures was evaluated in the test set using the disease risk score method (DRS), as in (14). The derived signatures were further validated in two publicly available gene expression studies (5, 28) (Supplementary Material). The FS-PLS code is available for download and use (27).



Power Calculations for RT-dPCR Study Size

For the retrospective RT-dPCR study, as the discrimination using the DRS had a binary outcome and followed a binomial distribution, in order to achieve a statistic significance level of 0.05, and assuming the dPCR sensitivity to be at least 75% for patient classification, we used 40 samples for each comparison (TB vs. OD and TB vs. LTBI) to assess the performance of each signature, with equal numbers of samples for each group (nTB = 20, nOD = 20, nLTBI = 20) (Supplementary Tables 1, 2). Samples were chosen at random from a microarray test patient cohort for TB vs. OD, stratified for HIV status and country of origin, which had not been used to derive the signature. An additional 10 LTBI HIV-infected and 10 LTBI HIV-uninfected samples from the test microarray cohort were analyzed.



Patient Characteristics for RNA Samples Used in the RT-dPCR

Patient recruitment was conducted in two highly contrasting study sites in Cape Town, South Africa and Karonga District, Northern Malawi. Patients were classified as having active TB disease only upon culture confirmation. Patients were deemed to have OD if they presented with symptoms that might suggest the possibility of TB disease, but for whom an alternative diagnosis was found and TB treatment was not administered. These patients were followed up 26 weeks post diagnosis to confirm they remained TB-free. Healthy LTBI controls were classified according to the results of interferon-gamma release assay (IGRA) and tuberculin skin test (TST) investigations (14).



RNA Purification From Whole Blood and Storage

2.5 ml whole blood was collected at the time of recruitment (before or within 24 h of commencing TB treatment in suspected patients) in PAXgene blood RNA tubes (PreAnalytiX), frozen within 3 h of collection, and later extracted using PAXgene blood RNA kits (PreAnalytiX). RNA was shipped frozen and stored at −80°C.



Assessment of RNA Purity and Integrity

Before proceeding with reverse transcription, the RNA quality of the samples was assessed using an Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA).



Reverse Transcription of Purified RNA From Whole Blood

RNA concentration was measured using a NanoDrop 2000c (Thermo Scientific) and 500 ng was used for the reverse transcription reaction in a total volume of 10 μL nuclease-free H2O. RT was performed in one batch using the High-Capacity cDNA RT Kit (Applied Biosystems) according to the manufacturer's instructions. The cycle was 25°C for 10 min, 37°C for 120 min, 85°C for 5 min, followed by a hold at 4°C. cDNA samples were stored at −20°C for fewer than 6 months before use.



dPCR Using the QuantStudioTM Platform

Up to 5 μL of RT product was added to 7.5 μL QuantStudio 3D Digital PCR Master Mix (Thermo Fisher Scientific), 0.75 μL of TaqMan Assay (20X) (Thermo Fisher Scientific) (see Supplementary Table 3) and the volume made up to 15 μL using nuclease-free H2O (Supplementary Figure 3). All TaqMan Assays were inventoried and none were custom-made. At least one no template control was used for each TaqMan assay on each PCR run. The reaction mix was applied to each QuantStudio 3D Digital PCR 20K Chip (Applied Biosystems) according to the manufacturer's instructions. The dPCR was run on a GeneAmp PCR System 9700 (Applied Biosystems) with a cycle of 10 min at 96°C, followed by 39 cycles of 60°C for 60 s and 98°C for 30 s, followed by 2 min at 60°C before holding at 10°C. Chips were read, and absolute quantification (copies per μL) determined using the QuantStudio 3D Digital PCR Instrument (Thermo Fisher Scientific).



Data Analysis RT-dPCR

Data was exported and analyzed using QuantStudio 3D AnalysisSuite Cloud Software Version 3.0.3 (Thermo Fisher Scientific). The quantification algorithm selected was Poisson. The software assesses whether the data on a chip is reliable based upon loading, signal, and noise characteristics and displays quality indicators for each chip. Any chip that gave a precision value of >10% was deemed to have failed and was repeated. Similarly, if the negative and positive wells did not separate into distinct populations, the sample and probe combination was repeated. This failure to separate into two populations could be caused by the chips leaking, evaporation or a loading issue of the sample onto the chip. This methodology is further explained in the supporting information (Supplementary Figure 1) and all dilutions, FAM call thresholds and lambda values are given in Supplementary Table 4, in accordance with the MIQE guidelines (21). The output given by the QuantStudio software is in copies/μL. This value was then corrected according to the dilution of cDNA used for the dPCR in order to determine the absolute concentration of a given transcript in purified RNA samples (Supplementary Figure 3). RT-dPCR derived copies per μL values are reported. The DRS method was used to classify patients on the basis of log2 (copies per μL).



Statistical Analysis

The datasets were analyzed in “R” Language and Environment for Statistical Computing version 3.4.1 (29, 30). In order to evaluate the performance of the DRS as a binary classifier, the area under the curve (AUC) for a receiver operating characteristic (ROC) curve was calculated, as well as the sensitivity and specificity using pROC (29). The calculation of the confidence intervals (CI) for the AUC was based on the DeLong method (31), an asymptotically exact method to evaluate the uncertainty of an AUC, except for the one case that AUC = 100%, where we used a smoothed ROC followed by DeLong for the calculation of the lower 95% bound. For each data set we report the point estimate for sensitivity as the closest value >90% (as specified in the WHO TPP) and the corresponding specificity.




RESULTS


Discovery and Validation of Small Signatures From Microarray Data Using FS-PLS and DRS

In order to derive reduced gene expression signatures with diagnostic potential, the variable selection method, FS-PLS, was applied to the previously published microarray data (80% training set) (n = 293 for TB vs. OD, n = 285 for TB vs. LTBI including HIV co-infected cases), tested in the test set (n = 76 TB vs. OD and TB vs. LTBI including HIV co-infected cases), and further validated in two other publicly available studies (Figure 1) (5, 28). Using the FSPLS method we identified a signature comprising four transcripts for TB/OD in the training set and a signature comprising three transcripts for TB/LTBI; the signatures are detailed in Tables 1A,B, respectively. The TB/OD FS-PLS signature using the DRS had an AUC of 93.9% CI95% (88.4–99.4%) in the 20% test set, which had not been used for discovery (Figure 2), sensitivity of 90.5 CI95% (77.4–97.3) and specificity of 82.4% CI95% (65.5–93.2), with confidence intervals overlapping with the previously identified the 44-transcript elastic net signature for TB/OD (14). The TB/LTBI FS-PLS signature using the DRS had an AUC of 95.4% (CI95% 91.2–99.6%) in the 20% test set, which had not been used for discovery, sensitivity of 91.9 CI95% (78.1–98.3) and specificity of 84.6% CI95% (69.5–94.1), with confidence intervals overlapping with the previously reported 27-transcript elastic net signature (14) (Figure 2, Supplementary Table 5).


[image: Figure 1]
FIGURE 1. Workflow. Identification of small signatures for TB/LTBI and TB/OD from microarray data using Forward Selection-Partial Least Squares (FS-PLS), followed by classification performance in a separate test set and finally, validation using RT-dPCR using the test set. Performance of the signatures was also assessed in publicly-available microarray datasets. OD, other diseases; LTBI, latent TB infection.



Table 1. Forward Selection-Partial Least Squares (FS-PLS) signatures for (A) TB/LTBI and (B) TB/OD.

[image: Table 1]


[image: Figure 2]
FIGURE 2. Classification performance of the FS-PLS-derived four-transcript signatures for TB/OD and three-transcript for TB/LTBI using microarray gene expression data (only test dataset shown). (A) Box plots of DRS and (B) receiver operating characteristic (ROC) curve based on the TB/OD FS-PLS signature applied to the combined HIV ± TB and OD SA/Malawi cohorts (TB DRS vs. OD DRS Mann–Whitney p = 1.33 × 10−13) (C) Box plots of DRS and (D) ROC curve based on the TB/LTBI FS-PLS signature applied to the combined HIV ± TB and LTBI SA/Malawi cohorts (TB DRS vs. LTBI DRS Mann–Whitney p = 4.92 × 10−15). Gray shaded areas represent the 95% CIs of the ROC curve sensitivities, plotted at 0.5% specificity intervals. ROC curves (B,D) have been benchmarked against target criteria for a tuberculosis triage test (green boxes): Minimum criteria (90% sensitivity, 70% specificity) are indicated by the dashed green boxes and optimum criteria (95% sensitivity, 80% specificity) are indicated by the green solid boxes. The TB vs. OD ROC curve (B) has been benchmarked against the minimum criteria for a confirmatory test (65% sensitivity, 98% specificity) which are indicated by the orange box. AUC, area under the curve; OD, other diseases; LTBI, latent TB infection.




Validation of the FS-PLS TB/OD and TB/LTBI Signatures in External Datasets

In order to further validate the performance of the DRS based on the TB/OD four transcript and TB/LTBI three transcript signature, we employed the whole blood expression datasets of Berry et al. (5) and Bloom et al. (28) (GEO: GSE19491, GSE42834) as validation cohorts. The cohorts comprised HIV-uninfected individuals; TB, LTBI, and OD including pneumonia, lung cancer, Still's disease, adult and pediatric Systemic Lupus Erythematosus (ASLE, PSLE), Staphylococcus, and Streptococcus (Table 2). The TB/OD four transcript signature distinguished TB from all other diseases with an AUC ranging from 88 to 98%, with the exception of sarcoidosis. The TB/LTBI three transcript signature had an AUC of over 91% in the datasets tested.


Table 2. Performance of FS-PLS signatures in classifying TB and other diseases (OD), or TB and latent TB infection (LTBI), in other publicly available microarray datasets.

[image: Table 2]



Clinical Characteristics of Cohorts Used in RT-dPCR Analysis

The clinical characteristics of each disease cohort used for RT-dPCR analysis with the TB/LTBI signature genes and the TB/OD signature genes are shown in Tables 3A,B, respectively. The mean age, body mass index (BMI) and TST induration are shown. The clinical diagnoses of the OD cohort are listed in Supplementary Table 2. The range of diagnoses among this cohort is representative of the variety of conditions that have similar clinical presentations to TB.


Table 3. Clinical characteristics of patients used for the RT-dPCR analysis of the (A) TB/OD signature and (B) the TB/LTBI signature.

[image: Table 3]



Absolute Quantification by RT-dPCR of Genes Comprising the Four-Transcript FS-PLS Signature for TB/OD (Cross-Platform, Cross-Sample Validation)

Figure 3A shows the concentration (in copies per μL) of each of the transcripts comprising the FS-PLS signature for TB/OD in purified RNA from whole blood, as determined by RT-dPCR. GBP6 transcript levels are higher in TB patients, compared to those with OD. The opposite case is observed for the ARG1 transcript, which is more abundant in patients with OD compared to TB. For TMCC1 and PRDM1, there is more overlap between concentration values of TB and OD patients. All four of these genes were identified in the 44 gene expression signature for TB/OD, and although GBP6 is induced by the interferon (IFN) cytokine family, its levels were significantly higher in active TB cases when compared to confirmed viral and bacterial infections the GSE73464 (32) and GSE39941 (33) datasets (Supplementary Figure 2). The original concentration (in copies per μL) for the samples stratified by HIV status is shown in Supplementary Figure 4.


[image: Figure 3]
FIGURE 3. Absolute quantification of signature transcripts, as determined by RT-dPCR, and according to disease group. (A) TB/OD signature transcripts. Mann–Whitney p: GBP6 3.722 × 10−4, TMCC1 2.447 × 10−2, PRDM1 4.612 × 10−1, and ARG1 2.138 × 10−3. (B) TB/LTBI signature transcripts. Mann–Whitney p: FCGR1A 1.06 × 10−7, ZNF296 9.25 × 10−6, C1QB 9.65 × 10−6. Transcript concentration is expressed as copies per μL. Culture confirmed TB cases are shown in pink (n TB = 20), OD cases in cyan (n OD = 20), and LTBI individuals in green (n LTBI = 20). OD, other diseases; LTBI, latent TB infection.




Absolute Quantification by RT-dPCR of Genes Comprising the Three-Transcript FS-PLS Signature for TB/LTBI

The concentrations (in copies per μL) of each of the transcripts comprising the FS-PLS signature for TB/LTBI in purified RNA from whole blood, as determined by RT-dPCR, are shown in Figure 3B. The genes FCGR1A and C1QB are more abundant in patients with TB compared to LTBI, whereas ZNF296 is downregulated. All three genes were identified in the original 27 TB/LTBI signature (14). Supplementary Figure 4 shows the concentration (in copies per μL) for the samples stratified by HIV status.



Correlation of the Microarray Intensity Values and the RT-dPCR Concentration Values

The expression profiles of the seven genes comprising the two signatures described above were compared between the two platforms, at individual sample level. High correlations were observed between the gene expression profiles generated by the two platforms for most of the genes (Figure 4). However, differences in expression profiles were also apparent between the two platforms, with a number of samples/genes exhibiting relatively higher expression values in either platform. Pearson correlation and p-values for all the genes can be found in Supplementary Table 6. The Illumina microarray probes and the RT-dPCR TaqMan assays are provided in Supplementary Table 3.


[image: Figure 4]
FIGURE 4. Comparison of expression profiles of common genes and samples between the two platforms. Scatter plots are shown for (A) TB/OD signature transcripts and (B) TB/LTBI signature transcripts. Plots show log2 transformed expression values between two platforms per individual. Pearson's correlation for each transcript is shown. Black line represents the line of best fit. OD, other diseases; LTBI, latent TB infection.




Performance of the Four-Transcript FS-PLS Signature for TB/OD Using RT-dPCR Analysis Disease Classification in HIV-Infected and HIV-Uninfected Individuals

The performance of the FS-PLS signature for TB/OD was evaluated by applying the DRS to the concentration values that were derived from the RT-dPCR data. Figures 5A–D shows the cross-platform (from microarray to RT-dPCR) and cross-sample (from the training set to the test set) performance of the four gene signature DRS in TB vs. OD. In the combined SA/Malawi HIV-infected and -uninfected cohort, the signature had an AUC of 93.8% (CI95%: 82.2–100), a sensitivity of 95.0% (CI95%: 85.0–100), and a specificity of 85.0% (CI95%: 75.0–100) (Figures 5A,B, Supplementary Table 6). The mean accuracy of classification varied with HIV status, although there was extensive overlap in the 95% confidence intervals. The four gene TB/OD signature had an AUC of 91.0% (CI95%: 73.3–100%) among the HIV-uninfected individuals, and an AUC of 93.0% (CI95%: 82.4–100%) for the HIV-infected cohort (Figures 5C,D).


[image: Figure 5]
FIGURE 5. Classification of the SA/Malawi cohorts using the DRS based on the FS-PLS signature RT-dPCR results. (A) Box plots of disease risk score (DRS) (TB vs. OD DRS p = 1.34 × 10−7) and (B) Receiver operating characteristic (ROC) curve based on the TB/OD FS-PLS signature applied to the combined TB and OD cohorts (n TB = 20, n OD =20). Gray shaded areas represent the 95% CIs of the ROC curve sensitivities, plotted at 0.5% specificity intervals. The ROC curve has been benchmarked against target criteria for a tuberculosis triage test: Minimum criteria (90% sensitivity, 70% specificity) are indicated by the dashed green boxes and optimum criteria (95% sensitivity, 80% specificity) are indicated by the green solid boxes; and the minimum criteria for a confirmatory test (65% sensitivity, 98% specificity) which are indicated by the orange box. (C) Box plots of DRS (TB vs. OD DRS HIV uninfected p = 1.05 × 10−3, HIV infected p = 4.871 × 10−4), and (D) ROC curve for TB/OD signature, according to HIV infection status (red line is HIV infected; blue line is HIV uninfected) (n TBHIV− = 10, n TBHIV+ = 10, n ODHIV− = 10, n ODHIV+ = 10). Blue and orange shaded areas represent the 95% CIs of the ROC curve sensitivities, plotted at 0.5% specificity intervals. (E) Box plots of DRS (TB vs. LTBI DRS p = 2.83 × 10−9) and (F) ROC curve based on the TB/LTBI FS-PLS signature applied to the combined TB and LTBI cohorts (n TB = 20, n LTBI = 20). Gray shaded areas represent the 95% CIs of the ROC curve sensitivities, plotted at 0.5% specificity intervals. The ROC curve has been benchmarked against target criteria for a tuberculosis triage test: Minimum criteria (90% sensitivity, 70% specificity) are indicated by the dashed green boxes and optimum criteria (95% sensitivity, 80% specificity) are indicated by the green solid boxes. (G) Box plots of DRS (TB vs. LTBI DRS HIV uninfected p = 1.083 × 10−5, HIV infected p-value 3.248 × 10−4, and (H) ROC curve for TB/LTBI signature, according to HIV infection status (red line is HIV infected; blue line is HIV uninfected) (n TBHIV− = 10, n TBHIV+ = 10, n LTBIHIV−= 10, n LTBIHIV+ =10). 95% confidence intervals are shown in brackets. The orange shaded area represents the 95% CIs of the ROC curve sensitivities, plotted at 0.5% specificity intervals. The blue shaded area for the perfect classifier represents the 95% CI for sensitivity. All p-values reported are Mann–Whitney p-values. AUC, area under the curve; OD, other diseases; LTBI, latent TB infection.




Performance of the Four-Transcript FS-PLS Signature for TB/LTBI Using dPCR Analysis

The performance of the FS-PLS signature for TB/LTBI was evaluated by applying the DRS to the absolute log2 transformed concentration values that were derived from the RT-dPCR data. Figures 5E–H show the cross-platform and cross-sample performance of the three gene signature DRS in TB vs. LTBI. In the combined SA/Malawi HIV-infected and uninfected cohort the signature had an AUC of 97.3% (CI95%: 93.3–100%), sensitivity of 95.0% (CI95%: 85.0–100), and specificity of 85.0% (CI95%: 75.0–100) (Figures 5E,F).

As observed previously, the mean accuracy of classification varied with HIV status, although again, there was extensive overlap in the 95% confidence intervals. The four gene TB/LTBI signature had an AUC of 100% (CI95%: 94.2–100%) among the HIV-uninfected individuals and an AUC of 94.0% (CI95%: 84.1–100%) among HIV-infected cohort (Figures 5G,H, Supplementary Table 6).



Contribution of Individual Genes to Disease Classification

Finally, we examined the contribution of each gene to the AUC for the classification of the TB/OD and TB/LTBI patients in the microarray and RT-dPCR datasets in a stepwise manner. By definition, in the FS-PLS algorithm, each gene needs to significantly increase the AUC to be included in the signature in the training set (Supplementary Figure 5). The sequential addition of all genes is increasing the AUC in the microarray test and RT-dPCR for the TB/OD comparison, while the inclusion of C1QB in the TB/LTBI signature is not increasing the AUC in the microarray test and RT-dPCR sets, in contrast to the microarray training dataset. As the confidence intervals are largely overlapping, further work is needed to explore the potential of further minimizing the TB/LTBI signature.




DISCUSSION

In this study, we report a four-gene signature discriminating TB from OD (TB/OD) and a three-gene signature discriminating TB from LTBI (TB/LTBI). These signatures were identified by applying an advanced methodology, FS-PLS, furthering previous work in TB transcriptomics (14, 17). The performance of the two novel transcriptomic signatures, for TB/OD and TB/LTBI was assessed in the 20% test set and publicly available cohorts. The two signatures were subsequently validated using RT-dPCR and samples from the test cohort, confirming their accuracy of patient classification. We also report estimates for the abundance of each of the individual transcripts in the signatures in purified RNA from whole blood. A weighted regression model was not used in this work, reducing the risk of overfitting and providing more flexibility for application transfer in different detection platforms. This work provides compelling evidence of the robustness and reproducibility of the FS-PLS signatures and the DRS in classifying patients with TB, OD, and LTBI and the results presented here support the excellent discriminatory power of both the small gene number TB/OD and TB/LTBI FS-PLS signatures. The point estimates of sensitivity and specificity for our FS-PLS-derived signature, expressed as DRS and measured by both microarray and RT-dPCR, were benchmarked against the WHO TPP recommendations (3). For the microarray test dataset, both the TB/OD and TB/LTBI signatures' point estimates were within the WHO TPP minimum recommendations for a triage test. For the RT-dPCR, the TB/OD signature's point estimates met the WHO TPP requirements of a confirmatory/diagnostic test for TB, and both the TB/OD and TB/LTBI signatures' point estimates overlapped with the requirements of a triage test. While the findings support the discriminatory performance of both signatures, the relatively small sample size and wide confidence intervals of the point estimates should be considered when interpreting these results.

To our knowledge, this study is the first example of the use of RT-dPCR for absolute quantification of transcriptomic signatures in infectious diseases, as anticipated by review articles (34). Previous studies showed that RT-dPCR has a high accuracy for assessing absolute quantification of RNA and did not show significant inter-assay agreement (22). However, it should be noted that the efficiency of reverse transcriptase enzymes can be extremely variable and future investigations will be needed to provide further information on absolute abundances of individual RNA transcripts in purified RNA from whole blood. Nevertheless, the concentration values reported in this study provide novel insights that could be of significant use to the diagnostics development research community, providing information regarding the required limits of detection and dynamic range for assays designed to detect signature transcripts. Although high correlation was observed between the gene/sample measurements for the two platforms for most of the genes, the differences reported highlight that a larger number of highly correlated candidate biomarker genes and different target regions within the genes themselves need to be screened with technology reflective of the point-of-care platforms intended to be used in order to ensure maximum diagnostic potential.

Clinical applications of dPCR exploit its ability to perform absolute quantification of nucleic acids without the need for rigorous calibration or standardization between laboratories. This advantage is a result of the design of dPCR assays, which involve large numbers of reaction partitions, and the Poisson statistics that are used to calculate initial concentrations of nucleic acids (21). RT-dPCR and dPCR have been used to determine copy numbers for a range of pathogens, including the hepatitis B virus, HIV, Mycobacterium tuberculosis, Helicobacter pylori, and Plasmodium spp. (23). While dPCR is more technologically advanced than qPCR, offering absolute rather than relative quantification, the implementation of dPCR in clinical laboratories has been impeded by its relatively low throughput, higher complexity and cost. However, as new instrumentation for dPCR becomes more widely available and simpler to use, it is highly likely that it will play a key role in diagnostic laboratories in the near future (23).

Out of the four transcripts in the TB/OD transcript signature GBP6 and PRDM1 are upregulated, and TMCC1 and ARG1 are downregulated, in patients with TB compared to OD. Genes in the guanylate-binding protein gene cluster (such as GBP2, GBP5, and GBP6) appear in numerous TB gene signatures (10). These are induced by the interferon (IFN) cytokine family (35) and have been shown to be important for cell-autonomous defense against intracellular pathogens (36). PRDM1 encodes a DNA-binding protein that acts as a transcriptional repressor of various genes, including IFN-β (37) by binding specifically to the PRDI (positive regulatory domain I element). PRDM1 has also been shown to regulate the differentiation of B cells into plasma cells that produce antibodies, as well as myeloid cells, such as macrophages and monocytes (38). Little is known about the function of TMCC1 in TB pathogenesis, but expression of ARG1 is induced by toll-like receptor signaling in macrophages (39). The gene product, ARG1, plays an important role in the production of nitric oxide (NO), used to kill intracellular pathogens, when nitric oxide synthase-2 (NOS2) is unable to metabolize arginine in hypoxic environments, such as the granuloma (40). ARG1 is able to produce NO in the absence of oxygen and is therefore critical for the control of intracellular TB (41).

The three gene signature for TB/LTBI reported here consists of two genes that are upregulated (FCGR1A and C1QB) and one gene that is downregulated (ZNF296) in TB compared to LTBI. FCGR1A appears in a number of other gene expression signatures for TB (10), and was the most discriminatory gene in a three-gene signature for TB/LTBI (6). Fc receptors (FcR) play an important role in regulating the immune system and are expressed by a number of innate immune effector cells, particularly monocytes, macrophages, dendritic cells, basophils and mast cells (42). It has been shown that the monocytic THP-1 cell line upregulates surface expression of Fcγ-RI in response to IFN-γ (43). C1QB encodes a component of the complement 1 (C1Q) complex, part of the complement immune system. Expression of genes encoding components of C1Q have been shown to correlate with the progression of active TB compared to HC and LTBI cohorts (44) and a recent study showed that, in four independent cohorts, components of the C1Q complex are elevated in patients with active TB compared to those with LTBI (45). ZNF296 encodes a member of the C2H2 zinc-finger protein family, which contain DNA binding motifs often found in transcription factors. A microarray study identified this gene as upregulated in response to viral infection (46). The TB/LTBI signature presented here was evaluated by Gupta et al. (8) for the purposes of predicting progression from LTBI to active TB disease. Out of a total of 17 candidate signatures identified, eight accurately predicted incipient TB among people at risk of disease over a two-year time period with AUCs ranging from 70% (CI95%: 64–76%) to 77% (CI95%: 71–82%). Our TB/LTBI signature ranked second in terms of point estimate for AUC, with overlapping 95% confidence intervals with the other top-ranking signatures. Significantly lower AUCs were found for the remaining nine signatures.

This study has certain limitations. Although a case-control validation study is an important step in the biomarker discovery pipeline, it has certain limitations in extrapolating how the findings would transfer in a real-world clinical setting. A prospective cohort study design where positive and negative predictive values of a test would be the next step to evaluate the signatures' potential and applicability. This study is further limited by the small sample size used for the RT-dPCR evaluation, which is reflected in the relatively wide 95% confidence intervals reported for the classification measure.

It is widely accepted that TB diagnosis using transcriptomic signatures offers a number of clear advantages over various sputum-based techniques. However, there are a number of technical challenges of detecting mRNA from whole blood, including sample processing to extract mRNA transcripts that is generally intracellular and inherently less stable than DNA, and that can vary in concentrations by multiple orders of magnitude between samples.

The gene expression signatures for TB/LTBI and TB/OD reported in this study represent extremely promising biomarkers for TB, particularly since they can be measured in whole blood and comprise few analytes. A number of technologies exist that might facilitate their translation into a test, which could include the use of nanomaterials, to quantify mRNA transcripts without an amplification step (47). A whole blood-based diagnostic test for TB would transform the diagnostic pipeline and enable earlier treatment commencement for patients that would otherwise be missed, and thus prevent onward transmission of the disease, contributing toward paving the way for the end of the TB epidemic by 2030, Goal 3.3 of the Sustainable Development Goals, as set out by the United Nations (48).
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Mycobacterium bovis has the largest host range of the Mycobacterium tuberculosis complex and infects domestic animal species, wildlife, and humans. The presence of global wildlife maintenance hosts complicates bovine tuberculosis (bTB) control efforts and further threatens livestock and wildlife-related industries. Thus, it is imperative that early and accurate detection of M. bovis in all affected animal species is achieved. Further, an improved understanding of the complex species-specific host immune responses to M. bovis could enable the development of diagnostic tests that not only identify infected animals but distinguish between infection and active disease. The primary bTB screening standard worldwide remains the tuberculin skin test (TST) that presents several test performance and logistical limitations. Hence additional tests are used, most commonly an interferon-gamma (IFN-γ) release assay (IGRA) that, similar to the TST, measures a cell-mediated immune (CMI) response to M. bovis. There are various cytokines and chemokines, in addition to IFN-γ, involved in the CMI component of host adaptive immunity. Due to the dominance of CMI-based responses to mycobacterial infection, cytokine and chemokine biomarkers have become a focus for diagnostic tests in livestock and wildlife. Therefore, this review describes the current understanding of host immune responses to M. bovis as it pertains to the development of diagnostic tools using CMI-based biomarkers in both gene expression and protein release assays, and their limitations. Although the study of CMI biomarkers has advanced fundamental understanding of the complex host-M. bovis interplay and bTB progression, resulting in development of several promising diagnostic assays, most of this research remains limited to cattle. Considering differences in host susceptibility, transmission and immune responses, and the wide variety of M. bovis-affected animal species, knowledge gaps continue to pose some of the biggest challenges to the improvement of M. bovis and bTB diagnosis.
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INTRODUCTION

Mycobacterium bovis infection and the resulting disease, commonly referred to as bovine tuberculosis (bTB), affects a broad range of species including humans, domestic animals, and wildlife (1, 2). Although M. bovis, as the name suggests, mainly affects bovids including cattle (Bos taurus), bison (Bison bison), African and Asian buffaloes (Syncerus caffer and Bubalus bubalis), it has been isolated from numerous other mammals, compromising animal and human health worldwide with reports of this species on all continents except Antarctica (3–5). Infection of wildlife further impacts livestock health due to the development of maintenance and spillover hosts within wildlife populations, including badgers (Meles meles) in the United Kingdom (UK), African buffaloes in southern Africa, and farmed and wild cervids in the United States (US) (6–8). In the UK and Ireland, M. bovis in badgers complicates bTB control efforts and similarly in the US, New Zealand, and Spain where deer, possum, and wild boar, respectively, are also recognized M. bovis reservoirs (4, 9). In the Americas, there are 15 wild species reported as infected with M. bovis (10). In South Africa, bTB is endemic in two major national parks, namely Kruger National and Hluhluwe-iMfolozi Parks (7). Moreover, M. bovis has been identified in more than 21 wildlife species in private and public sectors (11, 12).

In addition to the control challenges posed by infected wildlife species, bTB negatively affects wildlife-related industries, resulting in consequences for conservation, tourism, and game sales. Infection and disease in livestock and wildlife may lead to decreased productivity, trade restrictions, impacts on food security and zoonotic transmission, resulting in significant economic losses (5, 12). Bovine tuberculosis costs the global cattle industry alone 3 billion US dollars annually (13). In addition, ~5 million deer are farmed worldwide and bTB is the primary health threat across multiple species in this growing economic venture (14, 15). Despite effective bTB control measures in the US, states such as Michigan have endemic bTB in white-tailed deer (Odocoileus virginianus) populations that negatively affects the hunting and wildlife industry, in addition to the regular spillback affecting cattle (16, 17).

For these reasons, it is crucial to improve the detection, diagnosis and understanding of bTB across affected species to enable development of more effective and comprehensive control strategies. Early and accurate diagnosis of subclinical infection can inform more efficient management of affected animals. Alternatively, if associations can be accurately established between M. bovis infection or bTB disease and detectable host responses, limited available resources can be focused toward removing animals or populations that pose transmission risks to preserve those with higher economic, conservation or genetic value. However, the immune responses that arise from interactions between animal hosts and M. bovis are typically species-specific and particularly in the case of wildlife species, less well-characterized. Subsequently, validated diagnostic tests based on specific host responses to M. bovis infection and bTB are also scarce in wildlife.

The diagnostic standard for M. bovis detection, still in use despite being developed over a century ago, is the TST. The TST measures a host cell-mediated immune (CMI) response to mycobacterial purified protein derivative (PPD) antigens, either M. bovis-derived (PPDb) alone or together with M. avium (PPDa) for the single intradermal comparative tuberculin test (SICTT) (18, 19). In cattle, a meta-analysis of TST use in the UK and Ireland reported 100% specificity (Sp), in agreement with a Great Britain study displaying almost 100% Sp for standard and severe cut-off interpretations (20, 21). However, the sensitivity (Se) can range between 50 and 80%, with variations in Sp and Se between species and a lack of host-specific cut-off validation for all affected hosts (18, 21). A major confounding factor is the exposure to environmental mycobacteria in addition to vaccine strain antigens (for cattle in limited areas) that cause cross-reactions due to homology between antigenic peptides, demonstrated at gene and protein levels (19, 22, 23). In New Zealand, the TST displays reduced Se in deer exposed to environmental mycobacteria and is not recommended in herds with a high likelihood of M. bovis infection (14). When applied to fallow deer (Dama dama) in Texas (USA), the test had overall low Se and Sp, indicating minimal diagnostic value for this cervid species (14). There are also multiple cases of M. bovis crossing international borders in imported, infected deer due to negative TST results (14). In addition to variable test performance, the TST is subject to several limitations. The test is labor-intensive and logistically challenging in high income countries; in developing countries, this is exacerbated by restricted access to reagents and animals, veterinary capacity, and handling facilities (11, 24). An additional complication is management of cattle considered inconclusive reactors (IRs); in England and Wales, there were 3,755 IRs in 2015 alone (18). Animals in these herds may be infected, as suggested by the report that 21% of these herds had positive reactors when re-tested. In Ireland, between 11.8 and 21.4% of IRs slaughtered before a re-test were reported to be M. bovis-infected (18). However, movement of such herds is not typically restricted unless there is a recent history of TB, exacerbating M. bovis transmission risks when using the TST alone (18).

In attempting to address drawbacks associated with the TST in bovids, at least one ancillary test is recommended (25). One of the key focus areas of bTB research that has emerged is the discovery of new CMI biomarkers and consequently the development of CMI-based tests for the early detection of infection by pathogenic mycobacteria (26). Biomarker is a broad term defined as any indicator of pathogenic biological processes, either pathogen- or host-based (27, 28). The most common adjunct to the TST is the CMI biomarker-based interferon-gamma (IFN-γ) release assay (IGRA) (19, 29). However, despite improvements in Se for detecting M. bovis-infected animals, ancillary tests can introduce extra costs and logistical challenges. For example, IGRAs require that whole blood samples be processed within 8–24 h of collection, depending on the stimulation method, which is impractical if herds are located far from available laboratories (24). Moreover, IGRAs rely on a single measurement that is unable to discriminate M. bovis infection from bTB disease and further, may fail to diagnose early infection when blood is stimulated with more specific mycobacterial peptides instead of PPDs (29, 30). To overcome this, a combination of biomarkers may be used to improve diagnostic Se. For example, progress has been made in enhancing the detection of bTB infection in cattle by combining IGRAs with the simultaneous measurement of antigen-specific interleukin-1β (IL-1β) or IFN γ-induced protein 10 (IP-10) (29–31). A systematic review by Domingos et al. (10) of M. bovis diagnostic methods in wildlife species also suggested the application of at least two tests to aid the detection of infection and potentially different disease stages.

A primary goal for accurate M. bovis detection is the early identification of a maximal number of infected animals for more effective control measures. The investigation of candidate biomarkers for M. bovis infection and bTB is ongoing, as discussed below. However, if current biomarker research could be further advanced to differentiate infection from bTB disease, this would enable a focus on detecting stages in which the animal is potentially infectious, improving the elimination of major transmission risks or preventing infected individuals from transitioning to a diseased state. The primary ante mortem diagnostic tools in livestock and wildlife rely on the development of antigen-specific CMI responses to M. bovis (30, 32, 33). Therefore, this review will focus on current understanding and knowledge gaps regarding the host response to M. bovis infection and the use of host CMI biomarkers for the improved understanding and diagnosis of M. bovis infection and bTB disease.



HOST RESPONSES TO MYCOBACTERIUM BOVIS

With the availability of bovid host and M. bovis genomes, the understanding of host responses to M. bovis has continued to develop (24). Immunity, in brief, comprises the innate and adaptive immune systems. The adaptive immune response has two distinct components, namely humoral and cell-mediated immunity, of which the latter is vital for host protection against M. bovis infection. All the major T lymphocyte subsets have demonstrated involvement in the anti-mycobacterial immune response in cattle (34). In M. bovis-infected cattle, CD4+ T cells produce IFN-γ for activation of macrophage anti-mycobacterial functions whereas CD8+ T cells are involved in the lysis of infected cells (34). The development of a T helper type 1 (Th1) -based CMI response, resulting in production of cytokines and chemokines such as tumor necrosis factor-α (TNF-α), IL-12, IL-6, and IFN-γ by dendritic cells and macrophages, is considered essential for the control of mycobacterial infection (35). Cytokine production is activated by pathogen antigen presentation to immune cells, and disease progresses when these pathways are disrupted (36). Cytokines play a critical role in determining the characteristic immune responses to infection; the balance between Th1 and T helper type 2 (Th2) functions is often studied from the perspective of their cytokine profiles, each of which fluctuate throughout disease progression (35). Cytokine function can vary from pro-inflammatory, which promotes activation of cells to kill mycobacteria, to anti-inflammatory, which reduces the pro-inflammatory response to control and prevent tissue damage by necrosis (37). In the primary stages of mycobacterial infections, Th1-dominant cytokine responses develop (36). The Th1 immune response is critical for defense against intracellular pathogens, most notably through the production of IFN-γ (34). However, a shift from Th1- to Th2-based responses is typically observed as disease develops, with a shift in CMI responses along with increasing humoral (B cell) responses (38). The Th2 response is associated with the production of cytokines including IL-4, IL-5, and IL-10 with studies suggesting that the Th1/Th2 balance is critical for determining bTB disease progression and outcomes (39). Therefore, any changes in immune responses during the course of infection are likely to affect the diagnostic performance of immunological assays.

Although early detection of M. bovis infection is primarily dependent upon the measurement of CMI responses in many species, humoral responses have also been used to diagnose bTB (35, 40–42). In certain species, for example elephants (Loxodonta africana and Elephas maximus) and suids, anti-mycobacterial antibodies can be detected during early infection (43–46). In species such as cattle and lions (Panthera leo), on the other hand, antibody detection usually occurs only after bTB disease progresses and the immune responses shift toward a Th2 profile (41, 47). However, the application of serological tests requires insight into the humoral immune profile of specific species to determine the differences in immunodominant antigen recognition and response kinetics (48, 49). Due to a paradigm that early immune responses are cell-mediated, this has been the primary focus of bTB research in animals to date although further studies on comparative immunobiological responses in different species are warranted.

In cattle and some other species, a CMI-dominated early and specific response to M. bovis infection is observed with proliferation of antigen-specific T lymphocytes, secretion of the regulatory cytokine IL-2, and release of pro-inflammatory cytokines including IFN-γ. These responses have been reported, for example, in two studies by Corner et al. (50) and Gormley and Corner (51) that investigated CMI responses to M. bovis in experimentally infected badgers, one of the few relatively well-studied non-bovid species. The earliest CMI immune responses were observed 3 weeks post infection (WPI) in the animals infected with the highest M. bovis dose; these animals also demonstrated the most consistent CMI responses of peripheral blood mononuclear cells (PBMCs) to M. bovis PPD (PPDb) stimulation. The overall CMI responses were also positively associated with pathological changes, i.e., the presence of gross lesions, detected post mortem. On the other hand, the antibody responses in badgers were only sporadically detected.

Functional genomics and proteomics have enabled a better understanding of CMI responses to M. bovis infection (52). Studies typically focus on the in vitro assessment of gene expression profiles in different cells or tissues, isolated after infection with M. bovis or related strains, and ex vivo analyses aimed at identifying cytokine gene expression signatures for the detection of M. bovis-infected animals. Wedlock et al. (53) compared gene expression in primary bovine alveolar macrophages (AMs) infected with a virulent M. bovis strain and an attenuated version. Although both strains grew at comparable rates, the results suggested a 45% difference in gene expression between the two infection groups. Of the 10 most differentially expressed genes, with the virulent strain inducing higher levels of expression, seven of these were chemokines with IL-8 and monocyte chemoattractant protein (MCP)-1 (CCL2) having the greatest expression. The conclusion was that AMs infected with virulent M. bovis displayed a more dominant pro-inflammatory gene expression profile than those infected with the attenuated strain. Another study using a similar method observed lower expression of chemokines from AMs of M. bovis-infected cattle than M. tuberculosis-infected cells, highlighting a possible mechanism employed by M. bovis to circumvent activation of the host's chemotactic response, thereby evading killing (54).

Although the host immune responses during M. bovis infection and disease remain less understood than for M. tuberculosis, recent studies have begun to shed more light on this complex pathogen-host interplay. However, susceptibility to infection, routes of infection and disease progression can vary significantly between the wide range of host species that are affected. Hence, it would be expected that immune responses and therefore, specific diagnostic biomarkers may also differ, impacting advances in host biomarker discovery and application (36).



HOST DIAGNOSTIC BIOMARKERS OF PATHOGENIC MYCOBACTERIAL INFECTION

A suitable diagnostic biomarker or multiple marker biosignature, for infection or disease, is a host- (or pathogen-) specific molecule/protein that is associated with the underlying pathological process (28, 55). Identification of biomarker-based assays that can enable more accessible, affordable, and efficient diagnosis has been a high priority for TB and bTB diagnostic research in recent years (28, 56). Considering the World Health Organization's target product profiles, that define the performance and operational characteristics of suitable tests, it is expected that non-DNA markers are more likely to meet practical and cost targets (28, 57). Non-DNA methods can be performed without advanced instrumentation, utilize more easily accessible samples such as blood and serum, and are generally more affordable than DNA-based tests (27, 28). Hence, the focus of current bTB diagnostic research is host biomarkers with an emphasis on cytokine/chemokine (chemotactic cytokine) proteins and antibodies, in addition to the detection of cytokine RNA expression (5, 24, 58).

Critical barriers to progress regarding biomarker discovery include the lack of standardization in specimen collection methods and a reliance on convenient or opportunistic samples, in addition to inadequate handling and storage of samples which can drastically alter detectable biomarker levels (51, 59). Another common limitation is suboptimal statistical power due to low sample numbers, hence, associations between biomarkers and potential disease states are challenging to investigate and prove (59). A biomarker should address a definitive question related to a particular state, or the prognosis, of pathogenic mycobacterial infection in individuals or populations (55). However, the stages of TB that have been elucidated from human research are complex and include infection, incipient or subclinical or active disease, and latency; moreover, these states are not regarded as fixed but instead constitute a dynamic spectrum that may be affected by multiple factors, many of which remain poorly understood (55, 60).

For M. bovis infections in animals, insight regarding the mycobacterial disease spectrum is even more limited (36, 51, 60). In general, M. bovis infection in animals is often not detectable until disease is advanced. In addition, clinical signs are often non-specific such as weight loss, decreased milk production (in dairy cattle), and occasionally coughing or other respiratory signs (11, 61). Chronic disease can progress to mortality over the course of months to years. The hallmark lesion of bTB in cattle is the granuloma that can be found in the lung, lymph nodes and potentially other organs (62). Granuloma stages have been well-described in cattle and are based on morphological characteristics, i.e., degree of necrosis and mineralization, and presence of a connective tissue capsule (63). However, M. bovis disease development and pathological lesions can vary widely between species, with cavitary pulmonary lesions instead of granulomas in goats and gastrointestinal infection observed in predators, for example lions (64–66).

To date, the only method of determining an animal's true infection status is comprehensive post mortem examination and a battery of mycobacteriological, immunological, histopathologic, and molecular tests (19). Accurate ante mortem, in-field reference tests for infection and/or active bTB disease are lacking (56). Current understanding of the pathogenesis of M. bovis infection is also confounded by the multitude of susceptible animal hosts and the complexity of the host-pathogen interactions (36, 51). Although naturally-infected animals are useful in the investigation of differences between infection and disease, experimental models illuminate disease progression kinetics and immune responses initiated from a fixed point in time with a set dose, generating the insight necessary for diagnostic test development (67, 68). A major limitation for M. bovis and bTB diagnostic research is the lack of clarity regarding case definitions for infection vs. active disease and, whether latent infections exist (51, 60, 69, 70). Considering the various limitations outlined above, the fitness for purpose criteria [as defined by the World Organization of Animal Health (OIE)] are critical for the validation and application of diagnostic bTB biomarkers in animals and should be applied on an individual species basis.

The ante mortem diagnosis of bTB in animals primarily relies on the detection of host CMI responses, most commonly with the use of protein and gene expression assays (5). Although the most widely used ancillary test, IGRA, in addition to the TST, can produce false negative results as the CMI responses required may diminish in advanced disease stages (anergy), while the humoral response increases (35, 69). Furthermore, IGRAs demonstrate limited Se in early infection stages and in general, bTB diagnostic assays are unable to distinguish infection from disease (13, 21, 25, 58, 71). On the other hand, a recent study by Bernitz et al. (72) observed that levels of IFN-γ and IP-10 in incubated unstimulated whole blood were elevated in infected buffaloes with observable pathological changes consistent with bTB in comparison to uninfected controls. Furthermore, increased IFN-γ significantly correlated with increasing severity of pathological changes in the infected buffaloes, consistent with observations of associations between antigen-stimulated IFN-γ and bTB pathology in cattle and badgers, demonstrating the potential for these cytokines to be used as indicators of bTB disease (72–74).

A limitation of cytokine/chemokine protein assays can be the inability to detect high levels of the biomarker target due to, for example, binding saturation limits; therefore, mRNA responses and their detection may provide a more robust alternative (5). There are several studies that investigate cytokine/chemokine RNA expression to achieve diagnostic test objectives. However, another purpose of biomarkers is to improve the fundamental understanding of disease pathogenesis, which is often the focus of bTB biomarker RNA expression research, for example studies that characterize the immunological profile of M. bovis-infected cattle (experimental or natural) by measuring cytokine/chemokine mRNA expression at various time points during infection and/or disease (35, 39, 53, 55, 75–77). Immune response changes during bTB disease progression, particularly in terms of anti- and pro-inflammatory cytokine/chemokine profiles, can signify disease outcomes and hence play a role in the diagnosis and control of infection (35). The CMI response is the dominant immunological response to M. bovis (in most studied species), responsible for the killing and elimination mechanisms in addition to formation of characteristic granulomas against this intracellular pathogen (69). The following section will further describe some of the CMI biomarkers of infection and bTB disease in animals.



CYTOKINE/CHEMOKINE BIOMARKERS OF MYCOBACTERIUM BOVIS INFECTION

Several promising cytokine/chemokine biomarkers of M. bovis infection and disease in domestic and wildlife species have been revealed in recent years, in addition to the widely recognized host biomarker IFN-γ. These include, although are not limited to, IP-10, IL-1β, IL-4, IL-8, IL-17A, CXCL9, IL-10, and IL-22 (37, 40, 78–84). Both protein and gene expression assays have been used to assess biomarker levels in different species and have facilitated identification of additional targets for diagnostic development (5). This section will describe select current and candidate CMI biomarkers of M. bovis infection in domestic and wild animal species, as summarized in Figure 1 and Table 1.
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FIGURE 1. Overview of hypothesized interactions of selected cytokines/chemokines identified as bTB biomarkers in domestic and wild animal species. CXCL10: IP-10. Created in BioRender.com.



Table 1. Cell-mediated immune cytokines that have demonstrated potential as bovine TB biomarkers that distinguish M. bovis-infected from uninfected domestic and/or wild animal species.

[image: Table 1]


IFN-γ

The cytokine IFN-γ is a vital mediator of macrophage activation, amplifying macrophage cytokine release in response to M. bovis and playing a critical role in host protection and pathogen control (74, 104). The utility of various cytokine release assays based on IFN-γ (IGRAs) has been demonstrated in cattle, leading to the acceptance of IGRAs as an adjunct to the TST in European legislation, and some countries outside of the European Union (61, 105). The first bTB in vitro IGRA was developed in the 1980's in Australia and is now used globally (106). Studies on M. bovis experimentally- and naturally-infected cattle have demonstrated the ability of IGRAs to detect a positive CMI response from as early as 2 weeks post-infection and often earlier than detection by the SICTT (34, 78, 107, 108). The most used IGRA platform in worldwide bTB control programmes is the Bovigam® which uses PPDb and PPDa stimulatory antigens (71). The Bovigam® IGRA is also effectively applied to M. bovis detection in goats and another PPD-based IGRA has been used in pigs (109, 110).

Currently, the primary ancillary method for M. bovis detection in African buffaloes is the IGRA, based on either PPD stimulation or the QuantiFERON® TB Gold (QFT) system that stimulates whole blood with M. bovis/M. tuberculosis-specific antigens early secretory antigenic target 6 (ESAT-6) and culture filtrate protein 10 (CFP-10) (32, 111). Thereafter, species-compatible IFN-γ enzyme-linked immunosorbent assays (ELISAs) are used to detect the biomarker. Validated IFN-γ ELISAs for buffaloes include the Bovigam® assay and Mabtech in-house, Cattletype®, and commercial Mabtech bovine IFN-γ ELISAs (33, 111, 112). There are several other wildlife species for which IGRAs to detect M. bovis infection have been developed, as summarized in Table 2.


Table 2. Summary of interferon-gamma (IFN-γ) release assays (IGRAs) employed in domestic and wild animal species for M. bovis detection and bTB diagnosis.
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Using ESAT-6/CFP-10 (EC)-stimulated whole blood (QFT platform), IFN-γ ELISAs have been modified for use in white rhinoceros (Ceratotherium simum) and wild dog (Lycaon pictus) (113, 114). Using both PPD and EC stimulatory antigens, IGRAs have also been used in badgers, with good Se and Sp, alpacas (Vicugna pacos), and red deer (Cervus elaphus) for which Rv3615c and Rv3020 antigens were also used (115–117). The Cervigam™ IFN-γ ELISA (developed for red deer), used with plasma from PPD-stimulated whole blood, has also displayed promise for bTB diagnosis in white-tailed deer in addition to reindeer (Rangifer tarandus) and sambar deer (Cervus unicolor) (118).

Although IFN-γ has proved invaluable for several species as a biomarker of M. bovis infection, in other species, including lions and warthogs (Phacochoerus africanus), it does not appear to be as useful (83, 98). It has also been observed that depending on the infection phase, IGRAs (and the SICTT) may fail to detect M. bovis-infected animals, which could be due to either very early infection (when a response detectable by the IGRA is still forming) or a depressed (anergic) immune state occurring in the later stages of bTB (119, 120). In addition, there may be individual or species differences in immune responses, resulting in failure of IGRAs to detect infection. For example, suids and New World camelids have robust humoral responses to mycobacterial infection and although detection of IFN-γ has been reported, these assays are not commonly used as diagnostic tests in these species (46, 100, 109, 116, 121). Moreover, IGRA results can be confounded by co-infections with environmental strains, vaccination (in some domestic species) and, although contended, possible interference by previous testing including the SICTT (13, 69). The host immune response to mycobacteria is naturally linked to disease progression yet bTB generally presents with extended and advanced, poorly described disease stages, posing an additional challenge for the extension of IFN-γ-based diagnostics to distinguish infection from active disease (120, 122). However, correlations between IFN-γ and M. bovis pathology have been preliminarily detected in badgers and buffaloes (72, 74). Moreover, investigating the associations between cytokine responses at both a gene and protein level, alongside host-specific pathological changes, can provide more insight on the diagnostic potential of IFN-γ and additional biomarkers (5, 63, 75, 94, 123, 124).



IP-10

The IFN-γ-induced chemokine IP-10, expressed by lymphocytes and monocytes, is produced at high levels in humans, cattle and African buffaloes, up to 100-fold more than IFN-γ, following infection with tuberculous mycobacteria (99, 125, 126). It has a role in delayed type hypersensitivity reactions and antigen-induced levels of IP-10 have shown promise for early detection of M. bovis infection in animals that may be negative on other tests (such as IGRAs) (30, 98, 125, 126).

Considering the potential for IP-10 to be a more sensitive marker than IFN-γ, there are still relatively few studies in bTB-affected species. Using a Kingfisher Biotech (St Paul, MN, United States) bovine IP-10 ELISA and QFT whole blood stimulation, a significantly higher antigen-specific IP-10 response was able to distinguish M. bovis-infected from culture negative warthogs (98). The same has been shown in African buffaloes using the same platform, and IP-10 has demonstrated high test Se in this species (30, 40). Furthermore, higher levels of IP-10 in incubated samples without antigen stimulation have been correlated to the detection of M. bovis pathology in infected buffalo populations (72). Using the same assay as for buffaloes, Parsons et al. (99) showed a strong correlation between IP-10 and IFN-γ release, and the robustness of IP-10 as a biomarker of M. bovis infection in cattle. Waters et al. (127) also observed antigen-specific IP-10 mRNA responses in PBMCs from cattle, starting at 29 days after M. bovis challenge, that were highly correlated to IFN-γ mRNA levels; and Palmer et al. (5) confirmed the potential of IP-10, with mRNA isolation and protein release from whole blood, for bTB diagnosis in cattle. However, similar to what Parsons et al. (99) reported, high levels of IP-10 in unstimulated plasma from both infected and uninfected cattle were observed for some individuals. The parallel measurement of IP-10 with IFN-γ has also demonstrated the potential to augment detection of M. bovis-infected cattle and buffaloes, highlighting the benefit of host biomarker signatures for enhanced bTB diagnosis (29, 30).



IL-1β

IL-1β is one of the multiple cytokines secreted, primarily by innate immune cells such as monocytes and macrophages, with IFN-γ, to orchestrate an immune response toward mycobacterial infection and is viewed as one of the major pro-inflammatory cytokines (82, 128). Limited biomarker studies beyond cattle include the detection of IL-1β mRNA and protein in heat-inactivated M. bovis-immunized red deer compared to controls and, in a separate study of red deer, an observed association with disease progression after challenge with an M. bovis field strain (95, 129). Jones et al. (31) found IL-1β cytokine levels to be much higher in M. bovis-infected compared to uninfected cattle, using whole blood stimulated with either PPDs or EC. Elnaggar et al. (82) found similar results when stimulating blood with EC antigens, with significant differences observed between the infected group, and both non-tuberculous mycobacteria-exposed and uninfected control cattle. Palmer et al. (5) investigated IL-1β expression in whole blood stimulated with EC and Rv3615c, showing significantly higher levels in the M. bovis-challenged cattle, compared to uninfected controls, at 5-, 8-, and 12-weeks post infection (WPI). Rusk et al. (91) demonstrated significant upregulation of IL-1β by M. bovis-specific T cells, isolated from stimulated PBMCs, by transcriptomics analysis and T cell/macrophage co-cultures using experimentally infected calves. Finally, the study by Jones et al. (31) applied IFN-γ and IL-1β assays in parallel to observe a 5% increase in Se without any loss of Sp, using the EC antigens, when compared to measuring IFN-γ alone; this reiterates the utility of biomarker signatures for more efficient diagnosis. Although not used in the context of mycobacterial infection, IL-1β and IL-8 sequences have been reported for the Asian elephant (Elephas maximus) and may provide a foundation for investigating antigen-specific immune responses using gene expression assays (130).



IL-4

A characteristic indicator of the Th2 immune response to mycobacteria, IL-4 plays an anti-inflammatory role such as controlling tissue damage by down-regulating pro-inflammatory responses (37). Rhodes et al. (78) investigated IL-4 cytokine expression in PBMC culture supernatants, after stimulation with PPDs or EC, using experimentally and naturally M. bovis-infected cattle. The overall IL-4 response, in comparison to IFN-γ, was delayed with activity peaking at 6–8 WPI. Challenge with a low dose of M. bovis caused a reduced IFN-γ response although a specific IL-4 response remained evident. In naturally infected cattle, increased IL-4 differentiated these animals from uninfected controls with Se equivalent to that of IFN-γ (78). These findings are similar to a study by Blanco et al. (39) in which IL-4 expression in PBMCs was elevated in five of nine naturally infected cattle, compared to controls.

Two studies by Thacker et al. (75, 76) on experimentally infected white-tailed deer and cattle, respectively, also found that increased IL-4 gene expression distinguished M. bovis-infected from uninfected animals when investigating PBMCs stimulated with PPDs or EC. The highest IL-4 levels in deer were at 12, 16, or 24 WPI; for cattle, the peak was earlier (at 4 WPI) with a decline thereafter, similar to the Rhodes et al. (78) study. In the deer, M. bovis infection resulted in consistently more IL-4 production in animals with less pathological changes compared to the high pathology group. In cattle, however, IL-4 expression was higher in the high pathology group overall, regardless of stimulus and the low pathology group was indistinguishable from the uninfected group. In contrast, Widdison et al. (37) assessed infected cattle 16 WPI, when the acute infection phase was more controlled and chronic disease was starting to develop. In this study, a significant reduction in IL-4 with an increase in the IFN-γ/IL-4 ratio was observed in M. bovis-challenged animals. Moreover, there was a significant negative correlation between IL-4 expression, and both lymph node scores and the number of mycobacteria isolated. This supports the hypothesis of a conversion from Th1- to Th2-dominated responses in the first 3 months post M. bovis-infection in cattle (76). These findings also suggest that species-specific patterns of cytokine responses need to be defined.

In summary, it appears that the observed delay of the IL-4 response relative to IFN-γ corresponds to the anti-inflammatory role of IL-4 in M. bovis infection (37, 78). Two of the cattle infection studies demonstrated early peaks in IL-4 expression followed by rapid decreases, while IFN-γ responses remained detectable when lesion development would be expected to begin (75, 78). This suggests that IL-4 may reduce IFN-γ-induced pathology and does not compromise the protective response, although results have suggested that the switch from Th1 to Th2 responses may occur later than 3 months PI (76). Although not yet investigated outside bovids and cervids, the potential for IL-4 to distinguish infection states warrants further investigation.



IL-8

The precise role of the chemokine IL-8 in TB has not been fully elucidated, although studies have demonstrated IL-8 binding to tubercle bacilli and interactions with the pathogen that appear to enhance mycobactericidal characteristics of macrophages and neutrophils (131). Increased IL-8 is also required for granuloma formation (84).

Widdison et al. (79) investigated RNA expression of IL-8 in lymph node tissue from M. bovis-challenged cattle. The infected cohort displayed lesions at necropsy, representing a well-established infection stage and the same cohort displayed significantly elevated IL-8 expression. Widdison et al. (79) also observed a positive correlation between IL-8 expression levels and lesion severity, together with the bacterial load, in the lymph nodes examined. In contrast, Blanco et al. (39) observed decreased IL-8 expression in naturally infected vs. healthy cattle. The lack of IL-8 upregulation, together with the observed Th1 cytokine profile in PPDb stimulated PBMCs, was indicative of active infection (39). In humans, low IL-8 mRNA expression, in combination with other markers, allows differentiation between active and latent TB (132).

A more recent study by Gao et al. (84) investigated naturally M. bovis-infected cattle, further characterized by a nested PCR, on M. bovis bacteria shed into nasal exudates, that could identify animals that posed higher transmission risks (i.e., PCR-positive and at a more advanced bTB stage). An IL-8 assay was performed with PPDb- and EC-stimulated whole blood from cohorts of infected/PCR-negative (bTBPCR−N), infected/PCR-positive (bTBPCR−P), and uninfected cattle. Both stimuli resulted in significantly increased IL-8 in both M. bovis-infected cohorts compared to the uninfected cattle. Interestingly, unstimulated IL-8 was significantly higher in the bTBPCR−N cohort than both the bTBPCR−P and uninfected cohort. The concentrations of PPD-stimulated IL-8 were also positively correlated with IFN-γ and were higher than the levels of IFN-γ, IL-17A, and IP-10. In addition, PPD-stimulated IL-8 production was able to better discriminate M. bovis-infected animals from uninfected animals than IP-10 and IL-17A and showed good agreement with the TST and IGRA with a relative Se and Sp of >90 and >98%, respectively (84). Although relatively less reported, results obtained from studies of IL-8 in cattle suggest an important role of this chemokine in M. bovis infections (84). However, further research to determine the potential of IL-8 as a bTB biomarker is still required.



IL-17A

The pro-inflammatory cytokine IL-17A (IL-17), produced by Th17 lymphocytes, has been identified as a primary effector cytokine necessary for detection and clearing of tubercle bacilli (133). Studies of IL-17A in bTB have demonstrated its role in immunity against mycobacterial infection, in addition to participation in granuloma formation (85). Blanco et al. (86) studied IL-17A mRNA expression in PPDb-stimulated PBMCs from experimentally infected cattle and found that animals with macroscopic bTB lesions developed higher IL-17A expression compared to cattle without lesions, with statistical significance at 60- and 90-days PI (DPI). Aranday-Cortes et al. (80) also noted upregulation of IL-17A mRNA in lymph node lesions 13 WPI, in comparison to control lymph node tissue. This upregulation occurred at each granuloma stage investigated. Notably, as granulomas developed, expression decreased until there was significantly less IL-17A in more advanced compared to early-stage lesions.

In addition to increased IL-17A gene expression, increased protein production has also been observed in M. bovis infection. McGill et al. (87) observed significantly higher levels of PPDb/EC-stimulated IL-17A protein secreted by PBMCs from experimentally M. bovis-infected cattle between 3 and 6 WPI. Increased numbers of antigen-specific IL-17A-secreting cells have also been found in blood from infected animals, with CD4+ T cells discovered to be the prominent source of IL-17A following stimulation. Similar findings in cattle were also reported by Steinbach et al. (88). Waters et al. (81) investigated IL-17A protein in whole blood and mRNA from PBMCs of experimentally infected cattle and observed a >9-fold upregulation post-infection, with correlations between gene expression and protein release, and between IL-17A and IFN-γ production. Moreover, higher IL-17A concentrations at 2.5 WPI correlated with increased lesion severity and mycobacterial burdens in cattle. Using stimulated PBMCs, Xin et al. (89) also observed significantly higher PPBb-stimulated IL-17A mRNA and protein in naturally and experimentally infected cattle compared to uninfected controls. The marked IL-17A responses elicited by M. bovis in cattle, combined with correlations to bTB pathology, point to the utility of IL-17A as a promising indicator of bTB disease progression.



CXCL9

The chemokine CXCL9, also known as monokine induced by IFN-γ (MIG), has been reported as a mediator of the bovine anti-mycobacterial response during bTB, with a proposed role in attracting activated T cells, and granuloma development or maintenance (76, 77). Aranday-Cortes et al. (92) investigated CXCL9 expression in lymph node granulomas of experimentally M. bovis-infected cattle. The early-stage granulomas showed significantly upregulated expression compared to the control tissue, followed by a significant decrease in CXCL9 in early to advanced granulomas as lesions progressed. In contrast, Palmer et al. (77) studied pulmonary granulomas at 150 DPI and observed overall high and significantly elevated CXCL9 expression compared to non-lesion lung tissue; however, the expression did not differ significantly between different granuloma stages. The differences in these two studies were attributed to tissue type, among other factors (77, 134). Klepp et al. (25) investigated CXCL9 expression in PBMCs from naturally M. bovis-infected cattle and significant differences were observed between infected and healthy animals. Similarly, Palmer et al. (5) also observed significantly elevated CXCL9 gene expression and protein levels in M. bovis-challenged cattle in response to EC/Rv3615c or PPDb antigens, with detectable CXCL9 responses by 2 WPI, which remained consistently and significantly higher than that of the control group.

In lions, EC-stimulated blood was used to assess CXCL9 expression, and significantly increased levels of CXCL9 enabled discrimination between M. bovis-infected, -exposed, and uninfected lion cohorts (83, 101). Also using EC (QFT) stimulated blood, Higgitt et al. (102) and Kerr et al. (103) were able to detect M. bovis immune sensitization by upregulation of CXCL9 in spotted hyenas (Crocuta crocuta) and cheetahs (Acinonyx jubatus), respectively. In addition, Roos et al. (100) was able to show that upregulation of CXCL9 could distinguish between M. bovis-infected and uninfected warthogs.

Overall, studies on CXCL9 have demonstrated high levels of expression in tuberculous lung and thoracic lymph nodes, in addition to stimulated whole blood, in cattle and other species infected with M. bovis. The CXCL9 responses display a robustness akin to that of the IP-10 biomarker, although without the confounding effect of spontaneous production such as that of IP-10 in unstimulated samples (5).



IL-10

The Th2-associated cytokine IL-10 is a critical anti-inflammatory mediator of innate and adaptive responses to pathogenic mycobacteria (35). The function of IL-10 is to deactivate macrophages and decrease production of reactive nitrogen and oxygen species; hence, in its absence, a stronger Th1 immune response is incited, while high levels of IL-10 are associated with increased susceptibility to mycobacterial infection (77, 135).

There appears to be an inverse relationship between IL-10 and IFN-γ. Welsh et al. (35) analyzed PBMC cytokine mRNA of experimentally infected cattle, and reported high IL-10 levels prior to infection, which gradually declined following infection as higher IFNG expression was detected. However, there was a sharp increase in IL-10 at 26 WPI, with levels higher than those pre-infection, in cattle that showed the greatest severity of disease. In addition, this was correlated with decreasing CMI and increasing humoral responses (35).

Similar patterns were seen in IL-10 expression in tissues. Widdison et al. (37) studied IL-10 expression in lymph node tissue, noting a significant decrease in IL-10 and an increase in the IFN-γ/IL-10 ratio in infected compared to uninfected cattle. There was also a significant negative correlation between lesion scores and mycobacterial load in lymph nodes and IL-10 expression. These results are similar to those from Thacker et al. (76) who also compared IL-10 between a high and low pathology groups of M. bovis-infected cattle in which they discovered two-fold lower IL-10 expression in the high pathology cohort. However, these two studies were conducted at 16 and 18 WPI. Considering the role of IL-10 in limiting tissue destruction, hence smaller and less necrotic lesions displaying the highest IL-10 levels, these results were unsurprising and could explain the later peak (26 WPI) observed by Welsh et al. (35). In the Widdison et al. study, the combined observation of suppressed IL-4, IL-10, IL-6, and TNF in the infected group, together with maintenance of IL-12 and IFN-γ levels, suggested that suppression was specific and not just a general consequence of infection and necrosis from a developing chronic response.

Interestingly, Blanco et al. (96) did not observe any downregulation of IL-10 in PBMCs from infected cattle with lesions, and the expression level was similar to that of infected animals without lesions. Similarly, Palmer et al. (77) observed no difference in IL-10 expression between granulomas and non-lesioned lung tissue, noting that the low levels observed were expected of active granulomas. However, when combined with IL-2 and IL-17 in a predictive biomarker combination, IL-10 enhanced the classification of infected/lesion-negative animals and was hence acknowledged as a potential identifier of disease progression in herds with no clinical signs of bTB (96). The ratio IFN-γ/IL-10 has also been acknowledged as a potential indicator of M. bovis disease severity in red deer (95). However, most studies used a single time point to assess IL-10 expression, which may not reflect the dynamic levels of cytokines during granuloma formation. In support of this, Canal et al. (94) observed significantly higher IL-10 expression in more advanced (stage III and IV) granulomas of lymph nodes and lung, compared to stages I and II, in naturally M. bovis infected cattle. Finally, lung lesions and respiratory lymph nodes from goats, experimentally infected with M. bovis, revealed high levels of IL-10 and highlighted the important role of this cytokine in granuloma formation (97).



IL-22

The cytokine IL-22 is part of the IL-10 family and is produced by natural killer, mast and T cells, predominantly cell types Th17 and Th22 (80). Together with IL-17A, IL-22 has emerged as a critical effector cytokine required for the detection and clearance of bacilli in TB studies, however, its role in bTB is less studied. It has been shown to induce protection and may inhibit mycobacterial growth inside macrophages (136).

Aranday-Cortes et al. (80) investigated IL-22 mRNA in a murine bTB model, followed by a study in PBMCs from infected cattle, and observed a 74-fold upregulation of IL-22 in the lungs of infected compared to naïve mice and highly significant upregulation in the PPDb-stimulated PBMCs of the infected cattle. The predominant source of IL-22 was CD4+ T cells, similar to IFN-γ. Ray Waters et al. (90) and Steinbach et al. (88) confirmed these observations both at the gene and protein level, respectively, with the latter using naturally M. bovis-infected cattle. Palmer et al. (5) also observed upregulated IL-22 expression in infected cattle, at 5, 8, 12, and 16 WPI, compared to uninfected controls.

Another study by Aranday-Cortes et al. (92) examined tuberculous granulomas from infected cattle. The study reported upregulation of IL-22 in bTB lymph node lesions with a clear trend of decreasing mRNA expression from granulomas in early to advanced stages, indicating the potential of IL-22 as a biomarker for bTB pathology. Rusk et al. (91) also noted a lack of IL-22 expression by T cells within late-stage granulomas from lung and mediastinal lymph nodes, confirmed by Palmer et al. (93) who observed very low expression levels of IL-22 in lymph nodes with advanced granulomatous lesions, i.e., samples collected at ±21 WPI, with no differences in expression between granulomatous and uninfected lymph nodes. Klepp et al. (25) studied IL-22 expression in PBMCs from naturally infected cattle and in addition to observing upregulation of IL-22 in the infected group, also found that IL-22 could significantly differentiate M. bovis infected cattle with either negative TST or IGRA results from uninfected animals. Hence, IL-22 may be useful as an ancillary biomarker for bTB detection where the results from the TST and IGRA fail to detect infected animals.




DISCUSSION

This review describes host CMI biomarkers with diagnostic potential for the detection of M. bovis infection and bTB, with a focus on more recent research and knowledge gaps, especially as these pertain to wildlife species. The CMI response is a vital component of host adaptive immunity to M. bovis (34, 35). Cattle and badger studies have demonstrated the involvement of the major T lymphocyte types and production of CMI-based cytokines and chemokines during M. bovis immune response development, accompanied by a shift from the predominant pro-inflammatory, Th1-biased response to more anti-inflammatory, Th2 functions as infection develops (36, 37, 51, 94). With a focus on the observation and measurement of CMI responses, detected through changes in gene expression, protein release or both, promising diagnostic biomarker targets and their associated limitations for multi-species application have emerged.

The choice of CMI-based methods for diagnostic purposes is in part motivated by the early and specific response that is elicited in most M. bovis host species studied to date (51). The delayed type hypersensitivity reaction measured in vivo by the TST is mimicked in stimulated blood cultures and can therefore result in a higher Se and Sp, due to the controlled in vitro conditions and parameters, for M. bovis detection (43, 58). Additionally, the specific cytokines and chemokines, produced during the adaptive immune response, that are detected by these assays is a feature applicable to most (if not all) mammalian species, thus allowing for translational use across species. Further advantages of in vitro CMI assays include even earlier detection times of an immune response than the TST (as early as 1-week post infection), only a single immobilization or handling event to collect blood samples, and more potential for the standardization of tests and reagents without in-field variation and operator bias (69). Moreover, the cost differences between in vivo (TST) and in vitro CMI assays may be over-estimated and CMI tools could prove more cost-efficient than assumed, with further cost reductions anticipated by increased use allowing the scale-up of production, and the automation of assays (such as ELISA kits) that lower laboratory costs (13).

The most used cytokine biomarker for TB diagnostic assays is IFN-γ, a critical Th1 cytokine produced upon lymphocyte activation in defense against M. bovis (43). This cytokine is also vital for the formation and function of granulomas, a hallmark of the response to M. bovis in host species (94, 120). Compared with other cytokine assays to date, IGRAs are robust and comparatively easy to standardize, and the development of new IGRAs for multiple non-bovine species has been suggested for bTB screening and control (13, 120). The increasingly widespread use of IGRAs (such as Bovigam®) in cattle, due to US- and EU-approval as a TST adjunct for parallel testing in bTB eradication programs to increase Se, may also explain interest in its use for wildlife species. Although IGRAs have been successfully applied to several domestic and wildlife species, including but not limited to cattle, goats, cervids, buffalo, white rhinoceros, and wild dogs, there have been limitations encountered when using them in other M. bovis host species (43, 111, 113, 114, 137). Aside from technical challenges related to the lack of available diagnostic tests and reagents for most wildlife, this may also be due to species heterogeneity in predominant immune response pathways to M. bovis (45, 51). Although M. bovis was first strongly associated with cattle, this pathogen has adapted and evolved to infect a broad range of animal host species, which may present with shared or unique characteristics in their immune responses (4, 9, 120). Although less studied, there may be differences in the IFN protein structure or amount produced between species, resulting in decreased expression and thus detection of this cytokine as observed in lions and warthogs (83, 98). Another difference between species is disease susceptibility together with infection pressure in the specific environment, hence, some animals could be exposed to high pathogen doses leading to rapid disease progression, or lower levels resulting in sub-clinical infection (137). The disease state and dose-dependent immune response may also influence the patterns of cytokines detected, as observed in experimentally infected badgers that showed consistent CMI responses with a high dose of M. bovis yet those with subclinical presentation had weak CMI responses, although with no effects on the humoral response (51). This could explain the more efficient use of alternative biomarkers or methods observed in species such as lions and warthogs, in which IFN-γ detection appeared less optimal (45, 47, 83, 98). However, biomarker signatures associated with a subclinical bTB state in animals have not yet been investigated, in contrast to human studies (138). A final factor to consider is the influence of M. bovis strains on host immune responses. Although it is acknowledged that the virulence of pathogenic mycobacteria is linked to genetic and phenotypic characteristics, this has only been confirmed for M. tuberculosis, aided by in-depth research using animal models (120, 139). Hosts of M. bovis are typically outbred species, thus, discerning the influence of M. bovis lineage from host heterogeneity is challenging. However, virulence variations between strains have been reported that suggest potential correlations between strain genetic differences and bTB development (139, 140).

In addition to a dominant early response, changes in IFN-γ responses have been correlated to pathological changes, although an IGRA to distinguish between M. bovis infection and bTB disease has not yet been developed (84, 89). Considering the correlations observed between IFNG expression and granulomatous lesion development, the quantitative measurement of IFN-γ in different cohorts of defined bTB states from early infection to active disease could enable the development of an IFN-γ cytokine assay to differentiate M. bovis-infected from diseased animals. However, species specific validation would be critical due to observed differences in IFNG expression profiles during bTB progression, as observed between fallow deer and cattle (93, 94, 123). In light of the potential drawbacks to IFN-γ detection, including sample handling that necessitates a short period between blood collection and processing and variable test performance parameters depending on species and disease stage, alternative cytokines, and chemokines to IFN-γ have emerged as additional tools for M. bovis infection and bTB diagnosis.

Pro-inflammatory cytokines are released early after M. bovis infection and are thus expected to be promising candidates for biomarkers of infection due to the predominant Th1 response observed in several host species. In addition to IFN-γ, two major pro-inflammatory cytokines are IL-1β and IL-6, although not much more than a role in general mycobacterial infection is known for the latter. The former, IL-1β, has demonstrated high Se for M. bovis detection in cattle, particularly when used in parallel with an IGRA (5, 31). Although not explicitly pro-inflammatory, two biomarkers (IP-10 and IL-8) have been detected at higher concentrations than IFN-γ and have shown possible correlation with bTB progression in cattle and African buffaloes (5, 72, 84). Considering their robust response early after M. bovis infection, these biomarkers could be well-suited for detecting M. bovis infection in less studied species. Another cytokine that demonstrates robust levels from an early infection stage is CXCL9, responsible for CD4+ lymphocyte recruitment (5, 100, 101).

There are limitations associated with CMI-based diagnostics that include reduced Se due to anergy (reduced detectable Th1-biased CMI responses as bTB progresses), and interference from co-infection and vaccination (120). However, the application of a parallel testing scheme, whereby at least two different tests able to detect slightly different sub-populations of infected animals (i.e., animals at different stages of infection) are used together, has shown promise in combatting these drawbacks, particularly in M. bovis-endemic settings (69, 111). The demonstration of two dominant pro-inflammatory cytokines, IFN-γ and IL-1β, that increased Se without compromising Sp when diagnosing M. bovis infection in cattle, indicates that even slight differences in cytokine pathways and functions can provide a testing scheme to improve detection of the maximum number of infected animals. Moreover, for species in which IFN-γ detection is problematic, the detection of additional or alternative pro-inflammatory cytokines could aid the early detection of M. bovis. Therefore, considering the robust levels of IL-8 and its good agreement with both the TST and IGRAs, this marker could also prove a promising option for enhancing M. bovis detection. Another example of parallel application is the measurement of IP-10 with IFN-γ that has enhanced Se in buffaloes and cattle, with high IP-10 production having a particular advantage in very early stages of infection (29, 30). Moreover, Klepp et al. (25) demonstrated the utility of IL-22 for the diagnosis of M. bovis infections that both the TST and IGRA failed to detect, not unexpected from a cytokine marker that stems from a separate and recently described T cell lineage, Th17.

Infection with M. bovis typically results in an early Th1 bias that tends to decline as the Th2 response increases, with shifts from Th1 to Th2 responses showing correlations to increased pathology (94). Hence, whether the objective is optimum detection of all infected animals, the detection of highly infectious individuals (i.e., animals that are shedding M. bovis bacilli) or the distinction between infection and active disease, it is expected that a diagnostic algorithm would benefit from using a combination of pro- and anti-inflammatory biomarkers. Moreover, the immunological response to M. bovis, in terms of bTB disease progression, is a dynamic process and non-linear (77). Thus, different biomarker signatures could be used to identify bTB progression, as suggested by Blanco et al. (96), Kelley et al. (56), and Palmer et al. (5). One example, shown by immunohistochemical analysis of granulomatous lesions of lymph nodes and lung in cattle, is the combination of pro-inflammatory IFN-γ and IL-1β with IL-10 (94). The two pro-inflammatory cytokines demonstrated contrasting yet equally significant associations with granuloma development and lesioned vs. non-lesioned tissue, highlighting the diversity of individual cytokine functions. The study also observed a lack of IL-10 expression in advanced granulomas that correlates with previous findings of progressively decreasing IL-10 in cattle with severe pathology (76, 94). The anti-inflammatory cytokines IL-4 and IL-10, which typically present with inverse correlations to IFN-γ over the course of infection, have shown good potential in distinguishing disease states; thus, their inclusion is suggested for biomarker signatures that cover both early and late stages of infection and bTB, with the potential to enhance diagnostic Se or Sp particularly for enhanced detection of infected animals (37, 75, 78, 94, 95). A panel of biomarkers could also provide a promising method for wildlife species in particular, due to the measurement of varied immune responses from a single sample that would provide greater confidence in the animals' disease state without the need for repeat testing, a significant challenge for most wildlife testing. Alternative potential biomarkers of bTB disease progression include IL-17A, also of the Th17 subset, and CXCL9 due to the observed increase as infection progresses with additional correlations to lesion severity (25, 81). This highlights the utility of adding biomarkers from different T cell subsets in a bTB testing scheme and warrants their investigation in wild animal species, especially considering the infeasibility and lack of standardization of the TST outside of common domestic species.

Due to the recognized role of wildlife in the maintenance of M. bovis, research on the development of assays for wild species (partially or fully validated) is increasing. A significant challenge in the development of CMI biomarkers for M. bovis in wildlife is the difficulty in obtaining sufficient reference samples to investigate and validate diagnostic assays. The lack of validated ante mortem tests makes diagnostic tests even more challenging to perform under field conditions, particularly in endemic settings (19, 56). Furthermore, the procurement of gold standard reference cohorts remains a trade-off between obtaining reliable samples and the loss of valuable animals, particularly for negative cohorts, that are required to obtain data from post mortem examination and mycobacterial culture (43). There are statistical tools that provide alternatives to the use of reference standards, such as latent-class or Bayesian approaches; however, statistical methods require large sample sizes, among other limitations (19, 21, 71). In acknowledgment of these challenges, recent policy (in the form of additional chapters for the OIE Terrestrial Manual) was adopted between 2014 and 2016, including statistical approaches to validation, that extends to the validation standards for diagnostic tests to wildlife (Chapter 2.2.7., OIE Terrestrial Manual 2018). Two validation pathways are provided that allow provisional recognition of a test if the complete validation process is hindered. This agrees with the chapter's emphasis on fit-for-purpose assays, particularly as diagnostic testing objectives may differ between domestic animal and wildlife species. The chapter also recognizes the difficulties in obtaining wildlife reference standards (particularly negative cohorts), suggesting latent-class models for performance estimates in lieu of a perfect (gold standard) reference (141). On the other hand, the imperfections of the gold standard requirement for mycobacterial culture have been acknowledged more recently; hence, alternative definitions for reference cohorts that improve test performance parameters may also be applicable (13, 51, 69).

The successful use of IGRAs and other cytokine assays in wildlife depends on the availability (and costs) of suitable tests or reagents. However, commercial CMI biomarker detection platforms are being developed and optimized using common domestic species with unknown cross reactivity to wildlife species. Therefore, researchers may need to develop novel species-specific reagents and assays, although these would have a very limited market. However, if cross reactivity can be determined using commercial reagents, this has the advantage of ready access by other researchers without having to exchange reagents. Indirect ELISAs with cross-reactive reagents have facilitated their use in related species, such as the application of bovine ELISAs to African buffaloes (32, 111) or equine ELISAs in white rhinoceros (113). However, another viable alternative is cytokine gene expression assays that can be adapted or developed for use in closely related species and even extended to non-related species if the sequences are conserved, which has been demonstrated for cytokine sequences in wildlife species (26, 142). Gene expression assays have been used in less common species such as warthogs, hyenas, and lions (83, 98, 102). The development of cytokine and chemokine multiplex assays that detect several targets simultaneously in a single sample (of small volume), with options for customization, has also aided the development of biomarker signatures (13, 143). Recently, the MILLIPLEX® bovine cytokine/chemokine platform demonstrated detection of several novel protein markers in buffaloes, with the aim to enhance M. bovis detection and potentially differentiate bTB disease states with the use of multiple diagnostic markers in this species (112). Transcriptome analysis has also been conducted using in vitro murine bTB models and PBMCs from cattle to identify more comprehensive gene panels involved in responses to M. bovis, although correlations between signatures and a potential incipient vs. advanced bTB state remain an avenue for future research (80, 144). Considering the multiple challenges faced when validating a single new CMI-based diagnostic assay, including the limited funding and research on candidate biomarkers in wildlife, the lack of progress regarding multiple marker signatures is not surprising. Moreover, the costs and feasibility of performing these assays for a range of species should be considered when prioritizing the development of biosignatures for wildlife bTB diagnosis.

The success of management and control strategies for bTB is only as effective as the diagnostic assays it relies upon. The use of CMI cytokine and chemokine biomarkers has already improved insight on the comparative immunology of M. bovis-infected hosts, with experimental and natural infection studies conducted in cattle, badgers and cervids, among other species. Moreover, understanding the contribution and role of dominant profiles, such as the Th1/Th2 responses, to the development of pathology aids the identification and development of diagnostic biomarkers and biomarker panels. However, despite progress in understanding M. bovis-induced immune responses, the research and diagnostic biomarkers described here are still primarily restricted to cattle. In comparison to domestic species, limited resources are allocated to studies of bTB in wildlife, resulting in a paucity of information on M. bovis infection and disease development in other naturally infected hosts (43, 51). Hence, more species-specific research is required, together with the development of standardized, multi-species tests and reagents, and investigation of candidate biomarkers in alternative samples types, i.e., serum, due to the practical, in-field and diagnostic potential of circulating responses. CMI-based assays may also be further improved with the addition of enhanced, immunodominant antigens for stimulation (in addition to ESAT-6 and CFP-10) to increase test Se and Sp. Additionally, advances in techniques from multiplex biomarker detection platforms to powerful statistical approaches that estimate population characteristics when true disease status is unknown, or when logistical challenges prevent acquisition of gold standard reference cohorts, will further enable the validation of enhanced immunological tools in both domestic animals and wildlife.
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Regardless of the eventual site of disease, the point of entry for Mycobacterium tuberculosis (M.tb) is via the respiratory tract and tuberculosis (TB) remains primarily a disease of the lungs. Immunological biomarkers detected from the respiratory compartment may be of particular interest in understanding the complex immune response to M.tb infection and may more accurately reflect disease activity than those seen in peripheral samples. Studies in humans and a variety of animal models have shown that biomarkers detected in response to mycobacterial challenge are highly localized, with signals seen in respiratory samples that are absent from the peripheral blood. Increased understanding of the role of pulmonary specific biomarkers may prove particularly valuable in the field of TB vaccines. Here, development of vaccine candidates is hampered by the lack of defined correlates of protection (COPs). Assessing vaccine immunogenicity in humans has primarily focussed on detecting these potential markers of protection in peripheral blood. However, further understanding of the importance of local pulmonary immune responses suggests alternative approaches may be necessary. For example, non-circulating tissue resident memory T cells (TRM) play a key role in host mycobacterial defenses and detecting their associated biomarkers can only be achieved by interrogating respiratory samples such as bronchoalveolar lavage fluid or tissue biopsies. Here, we review what is known about pulmonary specific immunological biomarkers and discuss potential applications and further research needs.
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INTRODUCTION

Tuberculosis (TB) remains one of the top ten causes of death worldwide. Around a quarter of the world's population are estimated to be infected with Mycobacterium tuberculosis (M.tb) (1). The World Health Organization's (WHO) End TB Strategy has set the goals of reducing TB incidence by 90% and TB deaths by 95% globally by 2035. If there is any chance of meeting these ambitious targets, new tools to combat this devastating disease will be needed. These include an urgent need for improved diagnostic tests, shorter treatment regimens and more effective vaccines (2).

The range of clinical phenotypes following M.tb exposure spans complete elimination of the pathogen through immunologically contained latent infection to active TB disease (3). This spectrum is governed by complex and incompletely understood interactions between the pathogen and host innate and adaptive immune responses. Innate immune mechanisms within the lung mucosa may be responsible for early clearance of M.tb bacilli prior to T-cell sensitization in exposed individuals who appear to be resistant to M.tb infection (4). Of those who do have presumed latent M.tb infection (LTBI), 5–10% of immunocompetent individuals go on to develop TB disease in their lifetime (5), with the remaining majority achieving immunological equipoise.

Incomplete knowledge of the desired immune responses needed to prevent either active disease or initial infection is one of the key barriers to effective vaccine development (6). It is well-characterized that a T-helper 1 (Th1) cell-mediated adaptive immune response is required, but insufficient, for protection (7, 8). Likewise, whilst antigen-specific interferon gamma (IFN-γ) plays a key role, the level of vaccine-induced IFN-γ in the blood does not correlate with protection (9, 10). Understanding the host immune responses that are needed to confer adequate protection against M.tb would dramatically help in the development and prioritization of vaccines that induce these putative responses.

An immunological biomarker is a measurable characteristic of the immune system that can be assessed as an indicator of normal immune function, disease process, or response to a therapeutic intervention (11). Biomarkers of disease can be used in diagnosis and disease monitoring. Vaccines aim to induce an immunological response to prevent infection or reduce disease severity, termed protection. Biomarkers that are believed to correspond with this effect are termed immune correlates of protection (COP) (12) and form the main focus of biomarkers discussed in this review.

The majority of TB studies looking at biomarkers of protection, both from disease and from infection, have focussed on the peripheral blood compartment in humans and blood and lymphoid organs in animal models. Regardless of the site of active disease, the predominant route via which M.tb bacilli enter the body is via aerosol droplets that are deposited onto alveolar surfaces of the lungs (4). Systemic immunity does not necessarily reflect pulmonary immune responses in the bronchoalveolar spaces at this site of entry for M.tb in humans. Cells of both the innate (such as alveolar macrophages) and adaptive (such as tissue resident memory cells) components of the pulmonary immune system play an increasing recognized role that may be interrogated in the search for markers of protection.



INNATE IMMUNITY WITHIN THE LUNG


Trained Immunity

Trained immunity refers to immunological memory within the innate immune system, leading to an augmented response to subsequent, often heterologous insults (13). Innate immune memory is induced in animals after vaccination with BCG (14, 15) although the precise mechanisms via which this occurs are still being studied. Studies of TB contacts show that despite high levels of exposure, up to 30–50% of individuals do not become infected with M.tb, as evidenced by non-reactive tuberculin skin tests and negative IFN-γ release assay (IGRA) testing (16). BCG vaccination correlates with this state of immune protection, suggesting that BCG-potentiated innate immunity may contribute to early M.tb clearance (17).

Given this, it is unclear why, in mice, BCG does not protect against M.tb in the first 14 days post-challenge (18). The kinetics and role of the innate immune response need further study. Controlled human infection models with serial mucosal and systemic sampling allow us to define the kinetics of innate and adaptive immunity and may help us understand this further.



Alveolar Macrophages

In CD4/CD8 T-cell knock out mice, subcutaneous BCG vaccination induces lasting protective immunity within 7 days, prior to any adaptive immune mechanisms (18). Cells from the lungs of vaccinated mice show a higher proportion of tissue resident macrophages (CD11b+F4/80+) compared to circulating monocytes. Following an infection, or in this case immunization, monocytes may differentiate into interstitial lung macrophages, which then self-perpetuate within the pulmonary compartment. This may represent a mechanism via which BCG induces innate immune memory within the lung (18).

Respiratory viral infection has been found to induce immune memory in lung resident mouse alveolar macrophages (AMs), which go on to produce accelerated levels of detectable neutrophil chemokines, such as CXCL1 and CXCL2 upon restimulation. These trained AMs protect against secondary bacterial infection, with a memory response that is not reliant on circulating monocytes (19).

In a recent model using T-cell depleted mice, mucosal, but not intramuscular, vaccination with an adenoviral-vectored vaccine expressing the M.tb antigen 85A resulted in upregulation of activation markers, such as MHC II, on alveolar and pulmonary interstitial macrophages. This corresponded with reduced M.tb burden after challenge and suggests that activated airway macrophages may play an important role in early M.tb control (20). Debate is ongoing about the precise role AM play in M.tb control. AMs do not readily express pro-inflammatory genes until 10 days after host M.tb infection, which may allow early mycobacterial replication (21). AM-depleted mice show defective granuloma formation, but increased recruitment of other phagocytic and cytotoxic cells to the lungs, with corresponding improved M.tb clearance (22).

AM have been shown to leave the alveolar space and transport M.tb to the lung interstitium in an IL-1 dependent manner, proliferating within the lung to form aggregates (23). Whether this represents the initiation of effective immunological control or the first step in M.tb dissemination is not clear. Systemic BCG immunization in mice has been shown to hasten this egress of M.tb-infected AM from the alveoli into the lung interstititum, increase attraction of monocyte-derived macrophages to the site of infection and promote the early transfer of M.tb from AM to other phagocytic cells (24). In humans, infant AM are less able to control M.tb replication in vitro than adult AM, which may partly explain their susceptibility to more severe, disseminated forms of TB disease. Infant AM were found to express lower levels of chemotactic cytokines including chemokine (C-X-C motif) ligand 9 (CXCL9), suggesting that failure of AM to recruit additional mononuclear cells to the site of infection may result in failure of initial M.tb control (25).



Innate Lymphoid Cells

Innate lymphoid cells (ILCS) mediate protective immunity in a variety of tissues, including the lungs. Activated ILCs proliferate in the lungs of mice following mucosal BCG vaccination and lead to increased levels of IFN-γ production (26).

Group 3 ILCs (ILC3s) have similar functionality to Th-17 cells, including production of Il-17 and Il-22. In a human lung tissue explant model, ILC3s upregulate IL-22 and GM-CSF following ex vivo M.tb infection (27) and IL-22 producing ILCs have been shown to enhance phagolysosomal fusion leading to mycobacterial growth inhibition (28). Inhibition of phagolysosomal fusion is one of the key immune mechanisms whereby M.tb evades host immunity.

ILC3s proliferate in the lungs of M.tb infected mice, leading to early alveolar macrophage accumulation. ILC knockout mice showed loss of early AM-mediated M.tb control, which could be rescued by adoptive cell transfer (ACT) of lung ILCs from M.tb-infected control mice (29). ACT of ILC3s also prolonged the survival of diabetic M.tb-infected mice, with increased IL-22 production resulting in reduced lung epithelial damage (30). Loss of ILCs, in particular ILC3, leads to a decrease in AM recruitment within the lung and subsequent higher mycobacterial burden during M.tb infection (29).

Distinct populations of CD103-expressing ILC2 and ILC3s and CXCR5-expressing ILC3s have been identified in human M.tb-infected lung tissue (29). CXCR5 signaling is essential in the formation of inducible bronchus associated lymphoid tissue (iBALT). iBALT is seen surrounding granuloma formation in non-human primate (NHP) and humans with LTBI, but not TB disease (31). iBALT proliferation in the lungs of mice lacking lymph nodes and spleen may be sufficient to control M.tb infection (32).

These studies suggest that ILC3s in particular may have a protective role in early M.tb control, via CXCR5-dependant iBALT formation and the production of IL-22 and IL-17. Mouse models of intranasal BCG vaccination have shown a correlation between protection and levels of IL-17 producing cells within the lungs following M.tb challenge (33).



Mucosal-Associated Invariant and γδ T Cells

Mucosal-associated invariant T (MAIT) cells preferentially reside in mucosal tissues, including the pulmonary mucosa. They express pattern recognition receptors, conferring innate immune function, and secrete IFN-γ following stimulation. In humans and NHPs, MAIT cells are enriched in the lungs and BAL fluid following M.tb infection and NHP MAITs express activation markers such as CD69 following both M.tb challenge and intradermal (ID) BCG vaccination (34, 35). In rhesus macaques, intravenous (IV) BCG vaccination induces pulmonary MAIT expansion, which corresponds with subsequent protection against M.tb challenge (36). Following M.bovis infection, MAIT cell deficient mice show higher bacterial colony forming units (CFUs) at early time points compared to wild-type mice (37), highlighting a potential role for MAITs in early mycobacterial clearance.

γδ T-cells are defined by heterodimeric T-cell receptors (TCRs) composed of γ and δ chains and are enriched in epithelial and mucosal tissues, including lung alveoli. The majority are activated in an MHC-independent manner and produce cytotoxic granules and canonical pro-inflammatory cytokines, including IFN-γ, TNF-α, and IL-17. Their activation results in killing of M.tb infected macrophages (38). Following bacterial infection, lung γδ T-cells in mice exhibit increased expression of activation markers such as CD69 and CD25, and proliferate by local expansion rather than recruitment from the periphery (39). In NHPs, expansion of lung γδ T-cells by selective vaccination reduces disease pathology and dissemination following M.tb challenge (40).




ADAPTIVE PULMONARY IMMUNITY


Lung Tissue Resident Memory Cells

Tissue resident memory cells (TRM) represent a distinct subset of lymphocytes. They share functional similarities with central and effector memory T-cells, but remain situated within localized tissue compartments and do not recirculate into the blood stream. They have been demonstrated at sites including the skin, intestines, urogenital tract, and lung mucosa (41–44). This positioning at key anatomical barrier sites means that TRM can respond rapidly to potential infective stimuli and lung TRM may signify the first line of adaptive cellular defense against specific respiratory pathogens, including M.tb.

Due to the highly vascular nature of the lungs, distinguishing genuine TRM, truly resident in the lung mucosa, from blood lymphocytes that egress from the vasculature following a stimulus such as infection, is difficult. Mouse models, using techniques such as parabiosis and in vivo intravascular staining, have confirmed that true lung TRM cells are identifiable and do not re-enter the peripheral circulation, in comparison to lymphoid memory T cells.

Many of the techniques employed in animal models to delineate TRM from pulmonary vascular lymphocytes are not feasible in humans but have been crucial in confirming that biomarkers seen in humans correspond to TRM specific markers identified in animals. Upregulation of CD69 is a key marker of TRM activation at a variety of sites including the lung and results in inhibition of sphingosine 1-phosphate-meditated lymphocyte migration (45). Additionally, CD8+ TRM cells express the αEβ7 integrin heterodimer, identified by CD103 marker staining (46). Other significant markers of lung TRM in both human and animal models include PD-1, CD44, CXCR3, and integrins including CD49a, CD11a, and VLA-4 (45), with KLRG-1 and CD62L downregulated (47). CD4+ TRM form a heterogeneous group, with some displaying an effector profile (T-bet+) and others appearing more regulatory (Foxp3hi IL-10hi]. In contrast, pulmonary CD8+ TRM cells appear more homogenous, expressing predominantly Th1 cytokines (48).

The key importance of these cells in animal models of respiratory infection has been shown in several studies. In murine adoptive transfer studies, CXCR3hiCD4+ T-cells preferentially localize to the lung parenchyma and are better at controlling M.tb infection than their CX3CR1hiKLRG1hi equivalents which remain within the vasculature (47). Intranasal immunization of mice with a recombinant influenza A vaccine expressing the PR8.p25 Ag85B epitope led to the development CD4+ TRM throughout the lung parenchyma. Persistence of these cells following FTY720-induced intravascular lymphopaenia indicates true tissue-resident memory status, without reliance on circulating cells, and was sufficient for protection against subsequent M.tb challenge (49).

Route of vaccination may alter the magnitude and character of the adaptive pulmonary immune response, but it is unclear if this will necessarily lead to improved overall protective efficacy. For example, airway mucosal boosting following parental priming with the subunit vaccine candidate H56:CAF01 results in a significant increase in pulmonary TRM and early local T-cell responses, without conferring any additional protection against M.tb challenge (50). Intramuscular vaccination of mice with the adjuvanted subunit TB vaccine candidate ID-93 results in a systemic, TH1-dominated immune response. In contrast, following ID-93 intranasal immunization, a predominantly IL-17A-producing, TH-17 response is seen; with an increase in antigen specific CD4+ TRM in the lung and BAL fluid. Despite these differences, the level of protection conferred was equal across the different delivery methods (51). In a recent study, protection conferred by intra-tracheal administration of the fusion protein TB vaccine candidate, CysVac2, was associated with the induction of higher levels of antigen-specific CD4+ lung TRM, expressing IL-17, and RORγT (52).

While intradermal BCG vaccination is able to generate antigen-specific pulmonary TRM in mice, mucosal BCG vaccination produces increased numbers of both CD4+ and CD8+ TRM and this corresponds with subsequent enhanced protection against M.tb challenge (48, 53). Mucosal transfer of sorted airway resident T-cells, in particular CD8+ TRM, from mucosally BCG-vaccinated mice provided increased protection against M.tb challenge in recipient mice (48). Non-human primates immunized with intravenous BCG were found to have significantly higher levels of CD69+ (with a subset of CD103+) lung parenchymal CD4+ T-cells than intradermal or aerosol immunized animals and this was associated with sterilizing immunity against M.tb challenge (36).

These findings suggest that vaccination routes and strategies which induce pulmonary CD4+ and CD8+ TRM may result in superior levels of protection. This may be one reason why levels of peripheral circulating antigen-specific T-cells do not adequately correlate with protection. Biomarkers of TRM may be useful as correlates of vaccine induced protection, but would require a significant change in sampling methods to assess vaccine efficacy.



Lung Mucosal Antibodies IgA

The role of the humoral immune system in TB control is uncertain. In humans, M.tb infection induces M.tb-specific IgA, as well as IgG, antibodies in BAL fluid, but their precise role and level of interaction with M.tb at the mucosal level remains unknown (54, 55).

Secretory Immunoglobulin A (sIgA) is the predominant isotype in mucosal secretions and may contribute to protection. Intranasal administration of purified human sIgA to mice leads to increased M.tb clearance and improved disease control (56). Knockout mice lacking the polymeric IgR receptor necessary for IgA transport to the respiratory mucosa are more susceptible to M.tb infection than wild-type mice (57). In a BCG challenge model, IgA deficient mice are more susceptible to infection than wild-type (58).




LINKING THE INNATE AND ADAPTIVE IMMUNE SYSTEM

A functional mycobacterial growth inhibition assay (MGIA), which measures the sum of the parts of the innate and adaptive immune response, may be a useful tool to facilitate vaccine development. Such a tool could also allow the interrogation of potential COP by depletion studies using serum, peripheral blood mononuclear cells (PBMCs) or other specific cell types. To date such an assay has been optimized for use in whole blood and PBMC (59, 60). Using mucosal samples in such an assay may further identify lung specific protective mechanisms in future.



INTERROGATING PULMONARY MUCOSAL IMMUNITY

Animal and human studies that focus on sampling the lung mucosal compartment will improve our understanding of lung mucosal immunity to M.tb. Parallel animal and human studies would allow more detailed interrogation of these processes. Delivery of vaccine candidates via aerosol routes has been shown to induce specific mucosal immune components that can be compared across species, with BAL samples from macaques and humans following aerosol MVA85A showing increased levels of antigen-specific cellular immune responses compared to peripheral blood (61–63). Further detailed mechanistic interrogation of lung-specific immunity is possible in the more tractable murine model (64, 65).


Specific Challenges of Human Studies

The study of human lung immunity gives the opportunity to interrogate the interaction between the host and M.tb bacilli at the site of natural infection. However, significant barriers exist. Obtaining high quality respiratory samples for immunological analysis generally requires invasive sampling (see Figure 1). The scarcity of these resources in areas with the highest burdens of TB disease, coupled with the costs and ethical considerations of invasive sampling, may explain the relative lack of immunological studies focussing on the human pulmonary microenvironment (4).


[image: Figure 1]
FIGURE 1. (A) Samples that can be obtained from the human pulmonary compartment from immunological interrogation. (B) Selected components of the pulmonary mucosal immune system that may be involved in protection against Mycobacterium tuberculosis (M.tb). AM, alveolar macrophages; CD, cluster of differentiation; CXCR, C-X-C chemokine receptor; FBC, follicular dendritic cell; GM-CSF, granulocyte-macrophage colony-stimulating factor; iBALT, inducible bronchus-associated lymphoid tissue; IFN, interferon; ILC, innate lymphoid cells; IM, interstitial macrophages; IL, interleukin; KLRG, killer-cell lectin like receptor G; MAIT, mucosal-associated invariant T-cells; PD, programmed cell death protein; sIgA, secretory immunoglobulin A; TCR, T-cell receptor; TNF, tumor necrosis factor; TRM, tissue-resident memory T-cell. Created with BioRender.com.


How best to sample the human pulmonary compartment remains the subject of debate. Sputum (induced or spontaneous) is often too contaminated, for example with upper airway epithelial cells and microbes, to provide detailed immunological analysis of the lower respiratory tract. Bronchoalveolar lavage (BAL) can be used to obtain bronchoalveolar cells (66). Studies comparing BAL cells to lung tissue biopsies in healthy controls and TB patients suggest that BAL cells are a reasonable representation of lung cellular composition (67). However, this assumption may not hold true for HIV infected individuals, where significant depletion of lung interstial CD4+ T cells may occur despite relatively normal CD4+ T cells levels in bronchoalveolar cells (68).

Where comparative data does exist, it suggest there is a significant difference in immunological activity and therefore possible biomarkers of disease and protection in the lungs compared to the peripheral blood. Schwander et al. found compartmentalized markers of active TB disease, with significantly increased levels of activated T lymphocytes (CD69+ HLA DR +) seen in bronchoalveolar cells of patients with active TB compared to healthy controls, whereas in PBMCs there was no difference across groups (69). PBMC in TB patients are hyporesponsive, with respect to both frequency of IFN-γ producing cells and DNA synthesis, to both mycobacterial and non-mycobacterial antigens compared to healthy subjects. Conversely, bronchoalveolar cells from affected lung segments in TB patients show increased responses to mycobacterial antigens, suggesting significant localization of antigen–specific cells within the affected lungs during active pulmonary TB (70).

Pulmonary TB disease is characterized by an enhancement of local Th1-mediated immunity, with increased IL-12 and IFN-γ production within affected lung segments (70). Despite this apparently functional local Th1-mediated immune response, there is clearly failure to control M.tb in those with active disease. Suppressive cytokines, including IL-4, TGF-β and IL-10, are increased in bronchoalveolar cell samples of active TB compared with healthy controls (71) and may represent distinct local immunosuppressive mechanisms that interfere with Th1-mediated effectors in the bronchoalveolar environment. One difficulty in studying the respiratory mucosal immune response to M.tb infection in humans is the inability to define precisely the time of infection. Due to the varying clinical course and potential for latency, active disease may only be diagnosed months or years after the point of infection. In other diseases, such as influenza, malaria and typhoid, controlled human infection models (CHIMs) have been used to interrogate the immune response and can also be used to evaluate vaccine efficacy. Treatment for active TB disease requires a lengthy combination of potentially toxic medications, and proof of definitive cure may not be possible. For these reasons, a CHIM with M.tb would not be ethical. However, use of alternative mycobacterial models to mimic M.tb infection are being explored. For example, BCG may be used as a surrogate, as it does not cause active disease in immunocompetent humans but is a live replicating mycobacteria that stimulates an immune response. Interrogation of the pulmonary mucosal immune response following a defined time point infection with BCG may lead to greater understanding of key immunological mechanisms, in particular in the early stages of infection.

Bronchoscopic instillation of BCG into lung segments of healthy, HIV-negative participants in South Africa with a range of TB phenotypes was shown to be safe and resulted in changes to differentially expressed genes and proteomics in the BAL fluid which were not detectable in the blood, suggesting a highly localized response (72). Studies in our group are ongoing to define the human innate and adaptive immune response to a defined time point challenge with aerosol BCG, and specifically comparing the peripheral and pulmonary compartment (Clinical trials.gov/NCT03912207). Parallel ongoing studies in non-human primates will add value to this work.




DISCUSSION

Growing evidence shows that immunological responses are compartmentalized and biomarkers present in the peripheral blood may be poorly representative of important, local effects within the lungs. Innate, trained and adaptive components of the pulmonary immune system are likely to play an interconnected role in protection, with distinct features of lung mucosal immunity such as alveolar macrophages, BALT and TRM all warranting further investigation. The characterization of these immunological responses at the natural site of M.tb infection is of paramount importance, both in to increase our understanding of pathogenesis and more specifically to aid rational vaccine development.

Pre-clinical animal models play a key role in defining the pulmonary immune response to both M.tb and systemic and mucosally-delivered TB vaccines. Carefully designed small studies in humans can complement and add to these pre-clinical studies. Interrogating the initial stages of M.tb immunity in human lungs, for example in healthy household contacts, would have the potential to distinguish biomarkers of protective immunity (COP) at the site of initial host contact with M.tb. Logistical and ethical difficulties in obtaining invasive human pulmonary sample in these circumstances mean that more novel investigative strategies may be needed.

Vaccine development in TB faces a paradox—a vaccine-induced COP can only be validated in large field trials of an effective vaccine. However, selection of which candidate vaccines to take forward for such costly trials requires some level of discrimination. As evidenced by the compartmentalized nature of immunological biomarkers in both human and animal models, peripheral blood biomarkers, whilst easier to obtain, may not be the best choice of read-out for rational vaccine selection.

CHIMs in healthy volunteers, either with BCG or potentially in future with rationally attenuated M.tb strains, may prove an alternative strategy to delineate human immunological response to a defined time point infection (73). Davids et al. human lung challenge model showed that responses to in-vitro and in-vivo PPD and BCG stimulation were significantly different, raising the prospect that the study of vaccine-induced immune biomarkers of protection may need to focus more on lung mycobacterial challenges and sampling, rather than peripheral blood (72). Given the considerable technical obstacles this approach faces, it could prove more likely that if pulmonary correlates of protection (or disease) are identified, systemic surrogate markers may be identifiable that can then be more easily appraised in future studies.
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Males have a bias toward developing sputum smear-positive pulmonary tuberculosis, whereas other forms of the disease have an equal sex ratio. Immune responses are known to be affected by estrogen and testosterone. Biomarkers may therefore be affected by these hormones, especially between 16 and 45 years of age when the differences are most marked. Using large data sets, we examined whether the male bias was significant in terms of diagnosis or predictive ability for the development of disease in those exposed to tuberculosis. Despite the large numbers, the need to specify homogeneous population groups for analysis affected the statistical power to discount a useful biomarker. In general, males showed higher interferon-gamma responses to TB antigens ESAT-6 and CFP-10, whilst females had stronger tuberculin responses in those with sputum smear- and culture-positive tuberculosis, but smaller responses in those who were screened for tuberculosis and who did not develop disease. Importantly, in contacts of sputum smear-positive pulmonary tuberculosis, more males who did not develop tuberculosis had tuberculin skin tests in the range between 10 and 14 mm, suggesting that sex-specific cut-offs might be better than general cut-off values for determining who should receive preventive treatment. Immunocytochemistry of the tuberculin responses correlated with cell numbers only in females. Total and anti-lipoarabinomannan IgM antibody levels were lower in males, whereas total and anti-BCG IgE antibody levels were higher. Evaluation of biomarkers should take account of the spectrum of tuberculosis and male sex bias for sputum smear-positive pulmonary tuberculosis. These findings improve our understanding of how immune responses contribute to the pathogenesis of infectious tuberculosis as well as suggesting clinical applications of the differences between the sexes.
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INTRODUCTION

Biomarkers are “intended as substitutes for a clinical endpoint… to predict clinical benefit (or harm) based on … scientific evidence” (1). In tuberculosis, mycobacterial culture and identification of the species is the gold standard for diagnosis. The detection of DNA (e.g., Xpert MTB/RIF) or proteins (e.g., MPT64) found only in Mycobacterium tuberculosis (Mtb) can be seen as part of this process. One step removed is to use the immune system to amplify the signal, by measuring immune responses from T cells (e.g., interferon-gamma release assays, IGRAs) or B cells (antibody to epitopes or antigens restricted to Mtb). The next step removed is to measure T cell or antibody responses to antigens that contain both specific and cross-reactive antigens (tuberculin purified protein derivative—PPD, Antigen60 or sonicated extracts of Mtb). A further step back may measure total antibody levels or inflammatory markers. Such proteomic measures may be involved in the causal outcome (clinical disease requiring treatment), to distinguish those forms of tuberculosis (TB) which require treatment compared to those that do not. Proteomic measures parallel clinical judgment from chest radiographs and symptoms, all of which may recommend further medical specific investigations for TB. However, at this distance from the causative organism, such markers may also represent tissue damage or be merely bystanders.

The term “subclinical disease” is variously used to identify those who have TB disease but either have no symptoms or who were only identified by active case finding. Clinicians would also use this term for those who present with negative bacteriology and a normal chest X-ray, who later develop active disease, e.g., those detected in contact tracing who then over the period of observation (usually 60–90 days after their first visit) develop disease that can be diagnosed microbiologically. This form of disease is common in those with HIV infection, where treatment with antiretroviral therapy (ART) reveals active TB. Separate to this category are those close contacts of an infectious case of TB who show immunological evidence of exposure to Mtb (loosely term latent tuberculosis infection—LTBI) and are offered preventive treatment or radiological follow-up over a year. “Incipient” tuberculosis, where there is “metabolic activity to indicate ongoing or impending progression of infection” (2), would include those with LTBI and raised inflammatory markers, including cytokines, or a signature transcriptome or metabolome. The term “diagnostic utility” includes identifying new cases of active TB for full treatment, those with recent contact and those screened for TB who are most likely to develop active for preventive treatment (better termed “prognostic utility”), and those where a combination of immunological, transcriptomic and proteomic tests suggests “incipient” TB for a clinical decision as to the mode of treatment.

The hypothesis was that immune responses known to be affected by estrogen and testosterone might affect the level and diagnostic utility of a biomarker especially in sputum smear- and culture-positive tuberculosis (S+PTB), where the male to female sex-ratio is of the order of 2:1 (3–8, and annual reports thereafter). In this analysis, the influence of sex-specific effects on T cell and antibody responses will be explored using data from publications whose purpose was to establish the role of these biomarkers in predicting or establishing a diagnosis of active TB.



METHODS


Data Sources

IGRA data were from the UK PREDICT TB study (9,870 records, a cohort study with follow-up of 2.5–7.6 years) (3), NIHR 4147 Blood Tests in Tuberculosis III (945 records, a cohort study with follow-up of at least 8 years) (4), Epitope-Specific Antibody Levels in Tuberculosis (747 records, a cohort study with follow-up of at least two years) (5–8) and an in-depth study of Indonesians affected by tuberculosis and leprosy (349 records, a cross-sectional study) (9–11). These publications provide details on the methods of measurement of the T cell assays, immunocytochemistry and antibody levels and the ethical approvals of each study.



Patient Selection

Children under 16 years of age were excluded from the data analysis. Where possible, females were selected as aged 16–45 years to exclude post-menopausal women without high estrogen levels. The reduction of testosterone with age is less abrupt and therefore analyses are specified as to whether the same cut-off as for females were used or whether the adult male population > 16 years was used. Pregnancy was an exclusion factor for the UK PREDICT TB study (3) and for analysis of other data.

Active tuberculosis was limited to those with sputum smear- and culture-positive pulmonary tuberculosis (S+PTB), as this form of tuberculosis is responsible for the difference in incidence between the sexes. However, one analysis looks at a combined population of smear-positive and smear-negative culture-positive pulmonary tuberculosis patients. The aim was to avoid any bias toward males, which often occurs due to the ease of sputum smear examination.



Definition of Recent and Pre-Existing TB Exposure

Recent infection was defined as having a household contact of sputum-smear-positive pulmonary tuberculosis, with a positive IGRA, without HIV co-infection or previous tuberculosis. For more distant exposure, migrants from countries with an incidence of tuberculosis >100 per 100,000, not born in the UK, without HIV co-infection, recent contact with or previous TB were selected.



IGRAs

In assessing the QuantiFERON Gold-in-Tube (QFT) data, negative controls were assessed if ≤ 8 IU/mL (10 IU/ml = 12.04 ng/mL), as per the manufacturer's standard operating procedure. Similarly, only mitogen positive controls were evaluated if > 0.5 IU/mL; all values in the 1000s were eliminated as being probably due to a transcribing error. Indeterminate results were not included in the denominators and did not contribute to the analysis. Cut-offs were determined by the manufacturer's cut-off (0.35 IU/mL for QFT) and the upper limit of the dilution curve for measuring IFNγ (≥ 10 IU/mL). The corresponding values for the TB-SPOT.TB test were defined according to the manufacturer's standard operating procedure as a negative control with ≤ 10 spots, an adequate positive (with mitogen) control as ≥ 20 spots and a positive test as ≥ 8 spots above the negative control; strong reactors were defined as those tests with > 100 spots. Borderline tests were used only in assessing the prognostic utility, but were usually excluded together with indeterminate tests from the denominators.



Tuberculin Responses

Tuberculin responses were grouped by mm of induration as in the ATS guidelines (12). The majority of responses were to tuberculin-PPD RT23. New tuberculin was prepared as a sonicated extract of Mtb, thereby including non-secreted proteins, lipid and polysaccharide antigens compared to tuberculin-PPD (13), and was used in the Indonesian study data and in examining the immunocytochemistry of the response to Mtb antigens (11). Where the areas of induration were used, these were calculated by multiplying the measurements in two axes (without dividing by π/2, if indurations were considered perfect ellipses). The “cut-offs” for immunocytochemistry were determined in relation to the delayed hypersensitivity responses from patients and controls, being the point at which the CD4+, CD8+, and CD14+ cell numbers began to rise; these corresponded to between 8 and 9 mm of induration to new tuberculin.



Antibody Titers

Total IgM, IgG, and IgA were measured by laser nephelometry (11) and IgE levels by radioimmunoassay (10); cut-off titers were determined from normal reference ranges. Anti-BCG IgE levels were measured by radioallergoabsorbent test after competition with purified BCG antigen (10). IgM, IgG, and IgA levels to purified antigens were measured by ELISA (6) and epitope-specific antibody levels measured by a competition assay using monoclonal antibodies to the species-restricted epitopes (5, 7–9); cut-off titers were determined as the mean + 2SD of control samples. As data were normalized by log. transformation, zero values were noted separately under “diagnostic utility” in the tables.



Statistical Analysis

Statistical analysis was performed using 2020 GraphPad Software. Student's t-test was employed for normalized data and the chi-squared test for diagnostic utility. Where the standard deviation was large, suggesting that the data had not been sufficiently normalized by log. transformation, the Mann-Whitney U-test was used and P-values then relate to the latter test. Pearson's rank correlation was used to compared log. transformed values of PPD and new tuberculin, Spearman's rank correlation to compare antibody titers.

For diagnostic utility, a table of the number required for a power analysis relating to differences in sensitivity has been supplied (Table 1). P-values are given only where P < 0.1 (comparable to a false detection rate of < 10%). The cut-offs were defined for each test as the manufacturer's chosen endpoints, the normal ranges or from the mean + 2SD for new tests. For the diagnosis of sputum smear- and culture-positive pulmonary tuberculosis, the discrimination of active from LTBI by IGRAs and tuberculin has not been calculated, noting the poor specificities from many past studies. The prognostic utility for predicting the development of TB was compared between males and females for sensitivity and specificity of the specified criterion. Receiver-Operator Characteristic (ROC) analysis was conducted using the web-based calculator of John Hopkins University, Baltimore (http://www.jrocfit.org); differences between AUCs were assessed for significance using the online calculator http://vassarstats.net/roc_comp.html.


Table 1. Sample sizes to detect differences according to sensitivity at P < 0.05 and power of 80%.
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RESULTS


Developing the Hypotheses

We conducted a systematic review of sex-related immune responses, using the comprehensive MeSH terms “estrogen,” “testosterone,” “sex,” “immune response,” without time limit. Titles and abstracts underwent a first screen; relevant articles were selected for a second screen, which included full text review. Most hormone-induced sex-specific immune responses have been studied in animal models and in relation to non-infectious diseases, such as autoimmunity (rheumatoid arthritis, lupus, extrinsic allergic encephalitis/multiple sclerosis), estrogen receptor-α+ breast cancer or infections, such as lymphocytic choriomeningitis virus. The predictions listed in Table 2 are therefore somewhat removed from the topic of human TB. The testing of these hypotheses in sputum smear- and culture-positive pulmonary tuberculosis may indicate whether further exploration of particular immune responses, in order to understand the male predominance of smear-positive pulmonary tuberculosis, is merited.


Table 2. Hypotheses derived from literature review of hormone-induced sex-specific immune responses.
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One of the difficulties in evaluating data from patients with TB is that selection of patients with different forms of the disease will affect the conclusions, depending on how many have S+PTB, where the male bias will then affect the data (32, 33). This can be especially problematic when comparing LTBI with active disease, where those with LTBI will have an equal sex ratio and active disease has a male predominance, e. g. NK cells are less in number in females than males and therefore associations with active TB may be sex-specific (34, 35).



T Cell Responses
 
Smear- and Culture-Positive Pulmonary Tuberculosis (S+PTB)

In general, IGRAs are not recommended for patients with symptoms and investigations suggesting pulmonary tuberculosis—a sputum smear is usually obtained! For this reason, there are few data and certainly numbers are insufficient to gain enough power to avoid a type II error of attributing a non-significant value as excluding the hypothesis of a difference between the sexes, even for a 20% difference (see Table 1).

Similarly, tuberculin testing would not normally be performed in those with sputum smear-positive pulmonary tuberculosis (S+PTB), except as part of a formal study, such as that in Indonesia comparing PPD-RT23 with new tuberculin [Supplementary Figure 1, (11)]. With both tuberculins, the diameters of induration were slightly higher in females, but only with new tuberculin did the differences approach statistical significance (Table 3: t = 1.8, P = 0.07). Females showed a greater blood flow velocity (t = 2.12, P = 0.037). Statistical significance had been observed, but only in HLA-DR15-negative subjects in the Indonesian study (tuberculin, females median 16.75 (range 4 to 22) vs. males 15 (11 to 20), Mann-Whitney U-test, P = 0.016; blood flow velocity, females 7.3 ± 2.3 vs. males 5.7 ± 1.8, t = 2.12, df 31, P = 0.04) (36). The immunocytochemistry data showed a correlation between induration and CD4+, CD8+, and CD14+ cell numbers in females but not in males (Figure 1).


Table 3. Sex and T cell responses in sputum smear- and culture-positive pulmonary tuberculosis (and sputum smear-positive OR negative but culture-positive pulmonary tuberculosis only where indicated).
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FIGURE 1. Tuberculin responses and immunocytochemistry. The cell number in biopsies of tuberculin responses were counted after labeling for CD4 (A,D), CD8 (B,E), and CD14 (C,F). Samples from female patients are labeled (A–C) and male from (D–F). Pearson's correlations were significant (P < 0.05) for female samples but non-significant for male samples.




Exposure to Tuberculosis

There were few differences between males and females in their QFT results (Table 4). In migrants who did not develop tuberculosis, males showed greater spontaneous IFNγ production (t = 3.2, P = 0.0013; Table 4). Using a cut-off of ≥ 0.35/mL, more males than females also had higher values (χ2 = 11.3, P = 0.008). However, if they went on to develop tuberculosis later, no difference was detected. IFNγ values in response to mitogen were also greater in males than females. Males had a greater response to the RD1 antigens if they had a positive test and did not develop TB, whereas levels were lower, although not significantly so, in males compared to females who developed TB later. With the T-SPOT.TB test, the differences in titers were not significant, except for spontaneous IFNγ production in migrants who had a negative result, where again males had higher values (Table 4). Fewer male contacts of infectious tuberculosis showed a complete lack of response to tuberculin and more males had positive responses as defined by the different cut-off indurations (Table 5). Males were also more likely to have to have a tuberculin response ≥ 5 mm and less likely to be anergic (Table 5), even though males were less likely to have received BCG vaccination (χ2 = 10.5, P = 0.001). There was no effect of IGRA status on these differences between males and females.


Table 4. Sex and IGRAs after exposure to tuberculosis.
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Table 5. Delayed hypersensitivity responses to tuberculin (PPD) during screening for tuberculosis.
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Antibody Levels

Total globulin levels did not differ between males and females aged 16–45 years. Total IgM was lower and IgE higher in males with sputum smear-and culture-positive tuberculosis. IgE anti-BCG antibody levels were measured using a radioallergoabsorbent assay (RAST), measuring the inhibition of binding of specific 125I-labeled anti-IgE by a standard preparation of sonicated BCG-Glaxo with five dilutions tested against a standard serum to establish a standard curve (10), and showed no significant difference in titers, although titers greater than 103 kU/L were more frequent in males than females (Table 6). There were limited data on IgM to purified antigens, but titers to lipoarabinomannan (LAM) were lower in males than females (t = 2.17, P = 0.048). Although IgG antibody levels to purified antigens, both proteins and LAM, and epitope-specific antibody levels to Mtb-restricted epitopes of these antigens (which do not distinguish class of antibody) showed a 1000-fold variation among individuals, no significant differences were found between the sexes. In an attempt to investigate the difference between males and females in their response to LAM, IgM, and IgG titers were ranked and compared to the ranked antibody titers to the ML34 epitope (all antibody classes assayed). The ranked IgM titers compared to ranked ML34 minus ranked IgG correlated well in females but showed no relationship in males (females, ρ = 0.74, P = 0.01, males ρ = 0.06, P = 0.96; Figure 2).


Table 6. Sex differences in antibody levels in S+PTB.
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FIGURE 2. Comparison of antibody titers to lipoarabinomannan in females and males. The y-axis indicates the IgM anti-LAM ranked titers including data from Jackett et al. (6) and unpublished data from Bothamley et al. (9). For both males and females, ML34 titers had significant correlations with IgG anti-LAM titers. The x-axis is the rank for antibody to the ML34 epitope (affects binding to the two main epitopes of LAM) after subtraction of the ranked IgG anti-LAM titers. For females (A), the relationship remains significant (Spearman's rank correlation: y = −0.6596x – 4.2872, ρ = 0.74, P = 0.01), but does not hold for males (B: y = −0.0696x – 0.9282, ρ = 0.06, P = 0.96).




Diagnostic and Prognostic Utility

There was no difference between males and females aged 16-45 years in the value of the tests examined in supporting the diagnosis of tuberculosis. However, male migrants were more likely to have a T-SPOT.TB test that recommended preventive treatment but, despite the lack of preventive treatment as specified in the protocol of the UK PREDICT TB study, were less likely to develop active disease (Figure 3A). In the UK PREDICT TB series, a cut-off of >15 spots in females would not affect the number of TB cases identified but would prevent 32 from receiving unnecessary preventive treatment. For males, increasing the cut-off to 20 would have doubled the number of missed cases of TB from 6 to 12 at a benefit of reducing unnecessary preventive treatment in 99 migrants.


[image: Figure 3]
FIGURE 3. Prognostic utility of immunological tests for tuberculosis. (A) Comparison of ROC curves for T-SPOT.TB tests in migrant females and males. TPF = true positive fraction (sensitivity). The upper and lower 95% confidence intervals are given, showing overlap between the sexes. AUC females = 0.884 [10 TB cases, 1,165 no TB; AUC males = 0.727 (20 TB cases, 1,285 no TB); z = 1.65, P (one-tailed) = 0.49]. See Table 4. (B) Sex-specific differences in borderline (1–14 mm) tuberculin skin tests in subjects who did not develop tuberculosis. The majority of responses were 0 mm (contacts, female n = 81, male = 63; migrants, female = 588, male = 581) or ≥ 15 mm (contacts, female n = 86, male = 89; migrants, female = 157, male = 177). Females predominate in smaller responses (< 5 mm) and males in larger responses (10–14 mm). See Table 5.


For contacts of sputum smear-positive pulmonary TB who did not develop TB, males were more likely to have indurations between 10 and 14 mm than females (χ2 = 4.8, P = 0.03; Figure 3B). For male contacts of S+PTB, raising the cut-off for preventive treatment to ≥ 15 mm would prevent 38 unnecessary treatments of LTBI, without affecting appropriate preventive treatment for those who went on to develop TB. Lowering the cut-off in females to <10 mm, would add 19 preventive treatments for those who didn't develop TB but identify a further case of TB [1/9 (11%) total TB cases] for whom preventive treatment would have been valuable. In male migrants, raising the cut-off to ≥ 15 mm would prevent unnecessary chemoprophylaxis for 142, but miss one case of TB [1/20 (5%)]. For females, lowering the cut-off to <10 mm would add 110 unnecessary treatments, but identify one [1/9 (11%) total cases of TB] for whom preventive treatment would be valuable.




DISCUSSION


Key Findings

Significant differences in levels of a biomarker may not translate into significant differences in diagnostic or prognostic utility and vice versa. This was especially important when assessing zero values or non-responders, when log. transformation is required to normalize a population result of responders (see Table 4). Secondly, despite having studies with almost 10,000 participants, the requirement to test hypotheses in homogeneous populations led to numbers that were only occasionally sufficient to have enough power to draw a statistical conclusion. This was especially important in addressing questions such as the predictive power of a biomarker to establish which of the infected population might develop active TB.

In terms of immune responses, the predictions that females would exhibit a more robust T cell and antibody response to infection (28) were only partially sustained. In order to avoid the effect of males having a higher incidence of TB, a greater TB burden and more lung inflammation, only males and females with sputum smear- and culture-positive pulmonary TB (S+PTB) or with culture-positive TB irrespective of smear status within the spectrum of active disease were each compared (Table 3). In S+PTB, the tuberculin responses of males showed lower blood flow velocities and there was a tendency to smaller areas of induration compared to females. In S+PTB, immunocytochemistry showed that females, but not males, gave a positive correlation between induration and cell type. In contrast, looking at HIV-negative migrants not born in the UK without known contact with TB who did not develop active TB, males screened for tuberculosis showed fewer anergic responses and more tuberculin responses between 5 and 10 mm induration whilst females had more responses between 10 and 15 mm induration without developing TB. Males had higher IFNγ levels both spontaneously and after mitogen stimulation (QFT only) and to TB antigens (T-SPOT.TB only) compared to females. Males with S+PTB had higher globulin levels, but lower IgM antibody and higher IgE and anti-BCG IgE. No differences in antibody levels to species-restricted epitopes or their purified antigens were found, except for IgM to lipoarabinomannan, compared to females.



Limitations

We have not included children on the grounds that the circulating hormonal differences between the sexes would be absent. We have not included data from those with HIV co-infection, on the grounds that the immune responses might differ due to their immune status rather than any sex-specific effect. The choice of 16–45 years was an estimation in the absence of data regarding female participants' menopause. The upper limit of > 100 spots in the T-SPOT.TB assay was only available for a selection of the population, as one laboratory in the UK PREDICT TB study did not measure the high control if samples had a count of > 20 spots.

A positive sputum smear usually short circuits the diagnostic process and IGRAs may therefore have indicated those with atypical features or from whom a sputum sample was difficult to obtain, but the sex ratio of tests did not differ from that of disease and there was a determined attempt to obtain immunological markers in all studies.

The selection of two homogenous populations screened for TB (household contacts of S+PTB without HIV co-infection or previous tuberculosis and migrants not born in the UK without HIV co-infection or previous tuberculosis and with no recent TB contact) for analysis showed that even in aggregated large studies, the power to detect a significant difference and exclude a type II error may still be low.



Sex-Related Differences in Tuberculosis Incidence and Infection Rate

One of the drivers of this analysis was the fact that sputum smear- and culture-positive tuberculosis (S+PTB) is found in males more than females (37). Some have ascribed the difference to an excess of social risk factors for developing TB (38). Others have estimated social contact to suggest that males have a greater chance of being infected with TB (39). However, these analyses do not account for the form of tuberculosis. The UK national surveys of tuberculosis (40–45) indicated that only in S+PTB is there a male predominance, but no sex predominance was noted for extra-pulmonary and smear-negative pulmonary TB. These surveys have the advantage that access to healthcare is free and possible gender bias in its uptake in fact shows a female preference. A comparison between active and passive case-finding in India showed the same male predominance in those with S+PTB, again suggesting that this is a real biological difference rather than being related to healthcare access (46). Our data show that although more male migrants were identified than females, the rate of positive QFTs did not differ, although for the T-SPOT.TB there were more positive tests. The rate of progression to active disease in the UK PREDICT TB data (3) did not differ between the sexes for positives with either IGRA (Tables 4, 5). However, one could argue that the numbers developing TB were too low to be confident of identifying any differences between the sexes.



Cell-Mediated Immunity

The literature had suggested that females would have greater cell-mediated immunity (47). That this generalization is not universal is exemplified by the differences between the sexes in terms of vaccine responses, where females in general exhibit better responses but there are some vaccines, such as pneumococcal polysaccharide, where males appear to have higher antibody levels and benefit more in terms of prevention of disease (21, 48). Female neonates benefited more from BCG-enhanced trained immunity in Guinea-Bissau for protection against other respiratory infections (49) and, in adults, BCG has been used to reduce autoimmunity pathology (50). With BCG vaccination, males showed a stronger cytokine response to re-vaccination but reduced systemic inflammation (51). Our data show that males with active tuberculosis had fewer IFNγ responses > 10 IU/ml if they had sputum smear- and culture-positive pulmonary tuberculosis, but including both smear-negative and smear-positive patients into a group of culture-positive pulmonary tuberculosis resulted in a non-significant difference.

The T-SPOT.TB test has been evaluated in healthcare workers and shown a higher percentage of positive results in males (4.26%) than females (3.12%), but the age structure and homogeneity of the populations combined could not be assessed (52). Male migrants to the United States showed higher QFT and tuberculin responses than females (53). In our studies, male migrants with a positive IGRA who did not develop TB produced more background IFNγ, more IFNγ in response to mitogens and higher IFNγ levels to the ESAT-6 and CFP-10 antigens. This suggests that males with distant sensitization to RD1 antigens who are protected against developing TB show a good IFNγ response. The differences between the two IGRAs requires explanation. The QFT does not account for cell number as the substrate for the test is whole blood. The speculation is that males have more peripheral blood mononuclear cells/mL blood capable of secreting IFNγ than females. Where the number of PBMCs is standardized, as in the T-SPOT.TB test, this difference is no longer apparent. On the other hand, where the number of PBMCs is standardized, either there are more antigen-specific cells that can secrete IFNγ in males, or the stimulated cells produce more IFNγ/cell in males than females.

Early findings showed that DTH responses could be suppressed in female mice and in male mice with reduced testosterone by diethylstilbestrol, a synthetic estrogen (54). Estrogen also downregulates macrophage migration inhibitory factor (MIF) (55), a pivotal cytokine in the tuberculin response (56). Testosterone increases monocyte chemoattractant protein-1 but had no effect on MIF in a randomized treatment trial of testosterone vs. strength training in men over 62 years (57). Tuberculin responses did not differ significantly between males and females, except in migrants who did not develop TB and had larger responses. The immunocytochemistry data did not show the predicted increase in macrophages in males. In S+PTB, females but no males showed a correlation between the area of induration and cell phenotypes. Detailed phenotyping of DTH responses, especially of M1 and M2 subtypes of macrophages (58–60) and gene expression with spatial information (61), could give an indication as to this unexpected difference between males and females with S+PTB in their tuberculin responses and perhaps give an insight as to why the sex ratio in S+PTB is skewed toward males.



Humoral Responses

Hypergammaglobulinemia is a feature of TB (62). In chronic infections, low levels of IgM antibody may indicate malnutrition as much as a defect in natural antibody-producing plasma cells (63) and rare genetic defects linked to the X-chromosome where the CD40L resides and to autosomal defects (64, 65). Usually, males have an increased expression of toll-like receptor (TLR)-2 and 4 (28). The expectation would then be that antigens such as LAM would give rise to T-independent antibody more readily in males than females and class-switching might be more effective (66). IgM antibody to LAM was lower in males but IgG antibody did not differ between the sexes in those with S+PTB. IgM may also be found in immune complexes (67, 68), which appear to have a role in pathogenesis (69). Such immune complexes to LAM and other antigens in sputum smear- and culture-positive pulmonary tuberculosis might reduce circulating serum IgM antibody levels.

Anti-BCG IgG, but not IgM, levels were found to be high in patients with pulmonary tuberculosis (70). Total IgE antibody has been found to be high in TB patients, to show a negative correlation with tuberculin responses and to resolve with successful treatment (71). In our data, IgE anti-BCG levels were found to be higher in males with sputum smear- and culture-positive tuberculosis. This might indicate a greater Th2 response in males compared to females in this form of TB. Early studies had shown that protection against tuberculosis could be transferred by cells but not by serum (72). Furthermore, as the bacterial load increased tuberculin responses were increasingly anergic and antibody levels increased (73). The resistance of many Mtb antigens to degradation by professional phagocytes and the importance of non-replicating tubercle bacilli promotes a Th2 response (74). The Th2 response can be seen as part of a greater “type 2” response encompassing a range of cells in addition to T cells, many different cytokines, different macrophage and NK cell sub-types and having a basis in metabolic changes related to the degree of inflammation (75). The fact that in the same part of the tuberculosis disease spectrum differences remain between males and females, suggests that the events leading to less IgM and more IgE-specific responses occur during early immune activation. Such a traction of the immune response after tuberculosis infection toward one which is ineffective might be responsible for male preponderance of sputum smear- and culture-positive pulmonary tuberculosis. Migrants who did not develop TB showed higher IFNγ responses than females, suggesting that the problem of a Th2 immune response occurs after the disease has elicited an immune response and that a better Th1 response in the initial stages of infection in males is required to prevent progression to active disease.



Diagnostic Utility

Although there were significant differences in levels of IFNγ between males and females, these did not affect the numbers that would have been given preventive treatment for TB. The data were insufficient to recommend any change in the definition of a positive T-SPOT.TB test as a prognostic agent to identify those likely to develop TB. However, the tuberculin responses did differ such that a cut-off induration of 10 mm might be desirable for females compared to a cut-off induration of 15 mm in those aged between 16 and 45 years.




AREAS FOR FUTURE STUDY

The first is general, regarding the use of biomarkers. Many studies use a broad-brush classifying TB as a single entity for comparison with LTBI, for instance. The differences between S+PTB and smear-negative culture-positive TB or extra-pulmonary TB in terms of antibody titers and specificities has been reported before (6, 76, 77) and is noted in terms of QFT responses between sputum smear- and culture-positive pulmonary tuberculosis and sputum smear-positive or negative culture-positive pulmonary tuberculosis (Table 3). Furthermore, the inclusion of mixtures of TB patients with variable proportions of patients with S+PTB, a part of the TB spectrum that has a male predominance, may confuse sex-related differences in biomarkers with that for TB itself. Re-analysis of these data sets by site of TB disease and by sex may provide useful insights as to the validity of proposed biomarkers and the pathogenesis of infectious forms of TB.

Our data suggests that males, rather than females, appear to be better able to produce IFNγ, and stronger delayed-type hypersensitivity (DTH) except in S+PTB. Whether this unexpected reversal of expected Th1 responses is an effect of BCG vaccination should be examined in studies specifically designed to address this hypothesis.

The role of natural antibodies and B cell subsets (78) in tuberculosis infection outcomes is of interest, especially in relation to anti-LAM IgM and IgG antibodies (79, 80).

Before considering a sex-specific cut-off value for tuberculin testing or the T-SPOT.TB test, a much larger number of patients who develop TB is needed in order to determine whether the benefits would outweigh the risks of a delayed diagnosis of TB.



CONCLUSIONS

This analysis suggests that the differences in immune responses between the sexes do not affect diagnostic utility. However, in deciding who should have preventive treatment for TB, males screened as contacts of sputum smear-positive tuberculosis and migrants screened for LTBI should perhaps have a higher cut-off for the tuberculin skin test. Immunologically, the difference between migrants with evidence of exposure to tuberculosis compared to the population with sputum smear- and culture-positive pulmonary tuberculosis suggests that the male predominance in the latter might be due to immune dysregulation, with poorer IFNγ responses in those who go on to develop active disease. The lack of association between induration and CD4+, CD8+, and CD14+ cell numbers in the tuberculin DTH response in males with S+PTB requires further definition. The lower levels of IgM antibody and IgM anti-LAM antibody require further exploration to define whether this is an association or causative in the poorer T cell responses in males with S+PTB.
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Tuberculosis (TB) remains a major global threat and diagnosis of active TB ((ATB) both extra-pulmonary (EPTB), pulmonary (PTB)) and latent TB (LTBI) infection remains challenging, particularly in high-burden countries which still rely heavily on conventional methods. Although molecular diagnostic methods are available, e.g., Cepheid GeneXpert, they are not universally available in all high TB burden countries. There is intense focus on immune biomarkers for use in TB diagnosis, which could provide alternative low-cost, rapid diagnostic solutions. In our previous gene expression studies, we identified peripheral blood leukocyte (PBL) mRNA biomarkers in a non-human primate TB aerosol-challenge model. Here, we describe a study to further validate select mRNA biomarkers from this prior study in new cohorts of patients and controls, as a prerequisite for further development. Whole blood mRNA was purified from ATB patients recruited in the UK and India, LTBI and two groups of controls from the UK (i) a low TB incidence region (CNTRLA) and (ii) individuals variably-domiciled in the UK and Asia ((CNTRLB), the latter TB high incidence regions). Seventy-two mRNA biomarker gene targets were analyzed by qPCR using the Roche Lightcycler 480 qPCR platform and data analyzed using GeneSpring™ 14.9 bioinformatics software. Differential expression of fifty-three biomarkers was confirmed between MTB infected, LTBI groups and controls, seventeen of which were significant using analysis of variance (ANOVA): CALCOCO2, CD52, GBP1, GBP2, GBP5, HLA-B, IFIT3, IFITM3, IRF1, LOC400759 (GBP1P1), NCF1C, PF4V1, SAMD9L, S100A11, TAF10, TAPBP, and TRIM25. These were analyzed using receiver operating characteristic (ROC) curve analysis. Single biomarkers and biomarker combinations were further assessed using simple arithmetic algorithms. Minimal combination biomarker panels were delineated for primary diagnosis of ATB (both PTB and EPTB), LTBI and identifying LTBI individuals at high risk of progression which showed good performance characteristics. These were assessed for suitability for progression against the standards for new TB diagnostic tests delineated in the published World Health Organization (WHO) technology product profiles (TPPs).
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Introduction

Mycobacterium tuberculosis (MTB), the causative agent of tuberculosis (TB) is the leading cause of infectious disease worldwide (1, 2), accounting for the deaths of approximately 1.3 million people each year (3). The United Kingdom (UK) has seen an increase in TB since the late 1980s, with rates higher than the rest of Europe (4), and there are currently around 6000 new cases each year (5). In 2016, 73.6% of confirmed TB cases in the UK were foreign-born, with India and Pakistan the most frequent countries of origin (6, 7). For India in the same period the estimated incidence of TB was approximately 2.8 million people per year, accounting for about a quarter of the world’s TB cases (8–10) and resulting in considerable mortality (11). Optimal patient care requires early detection, intervention with antibiotic therapy and judicious ongoing management of infectious individuals (8, 12–14). If untreated, each person with pulmonary ATB will infect others at a high rate, on average between 5 and 15 close contacts every year (15).

It is estimated that one quarter of the world’s population are latently infected with MTB (LTBI); approximately 2.3 billion individuals (2). This is an enormous reservoir of people at risk of both spreading TB and developing future disease (16–22). A key priority in TB diagnosis is to predict which of those individuals with LTBI [i.e., with a positive purified protein derivative (PPD) or interferon γ release assay (IGRA)] are in fact still harboring TB bacilli after exposure and are likely to progress to active disease, compared to those who have been exposed and mounted a successful immune response, but cleared the bacilli and are not likely progress to active disease (7, 9, 19, 23–25). Although diagnosis of ATB has been the keystone of the public health response to TB in many countries, including the UK, decreasing the infection reservoir through detection and preventative therapy of LTBI is also essential in achieving disease reduction targets (21, 22, 26–31). There is currently no gold standard method for diagnosing LTBI (32, 33). Identification of individuals with LTBI or incipient ATB (iATB), who are at risk of progression to active disease, but are still relatively asymptomatic is a priority to prevent progression to active disease and to limit disease spread to uninfected individuals (9, 34–36). The LTBI group comprises a heterogeneous group of individuals displaying an immune reaction to PPD mycobacterial antigens (37–39). This represents a spectrum of individuals from those who have completely cleared TB bacilli after exposure or infection, to individuals who are harboring actively replicating, live bacteria in the relative absence of clinical symptoms (incipient active TB (iATB)). These latter individuals are potential reservoirs of infection (40–42) and can spread disease. This is a major problem for control of disease dissemination and LTBI is a key source of infection in high income countries. People with LTBI will often go undiagnosed (14, 40) and are at high risk of progression to active disease. It is predicted that approximately 5% to 10% of individuals with LTBI will progress to ATB during their lifetime (7, 23, 31). The risk of progression from latent to active TB is particularly high among children under the age of 5 years and among people with compromised immunity (1).

As treatment entails risks and costs (43), preventive treatment of LTBI infection should be selectively targeted to the population groups at highest risk for progression to ATB disease, who would benefit most from treatment (9, 34, 44). If caught early enough treatment can be implemented which is less rigorous and results in less severe disease/long term organ damage and fewer relapses (16, 22, 40). Isoniazid monotherapy for 6 months is the primary recommended treatment for LTBI in both adults and children in countries with high and low TB incidence, in contrast to the more intensive combined treatment/DOTS for ATB (13). Non-compliance with anti-mycobacterial therapies contribute to difficulties in disease eradication (25, 45, 46). The treatment for TB is lengthy and patient compliance to long-term drug treatment is varied, with patients often stopping therapy when their symptoms cease (1, 47–50). Failure to complete the treatment regimen promotes the development of multi drug resistance (25, 51–54) and contributes to ongoing barriers for disease eradication (14, 55–57).

The current WHO guidelines for diagnosis and management of TB are outlined as part of their End-TB strategy (2, 58), the primary pillar being diagnosis, as stated in the report “Early diagnosis of TB including universal drug-susceptibility testing, and systematic screening of contacts and high-risk groups”. The report further states that “TB is the 10th leading cause of death worldwide, and since 2007 it has been the leading cause of death from a single infectious agent, ranking above HIV/AIDS. Most of these deaths could be prevented with early diagnosis and appropriate treatment”. The current WHO-endorsed platform for diagnosis of sputum positive TB is the Cepheid GeneXpert, although comprehensive diagnosis still relies on a combination of this with other traditional methods, e.g., chest X-ray and mycobacterial culture from sputum (12). GeneXpert has been widely implemented in many countries globally and has had a positive impact on TB diagnosis and patient management (59–64). However, some high-burden countries like India have reported operational issues with the platform and associated hardware and consumables costs (65, 66) and it not universally available in all high burden countries (34, 67). Its use in India is being recommended for diagnosis of pediatric TB (64, 65). Opportunities for other diagnostic tests to bridge gaps in the current testing portfolio are still evident but will require investment (34, 67, 68). Many TB patients, particularly with EPTB and also LTBI/iATB do not have MTB positive sputum, are consequently harder to diagnose and can further contribute to TB under-diagnosis (12, 21, 33, 69, 70).

Despite considerable investment in research and development for new diagnostics and therapeutics, TB control and eradication has proved challenging (34, 71). Development of rapid, simple and cost-effective diagnostic tests for ATB, particularly EPTB and LTBI are imperative for TB control (72–80). A simple, rapid and cost-effective alternative, which could perhaps be run on a variety of already embedded laboratory platforms and which could diagnose all sub-types of disease is an attractive proposition. Indirect, non-pathogen directed assays employing host immune biomarkers have become the focus of much interest in bridging gaps in the diagnostic portfolio (77, 79–81). These may play an important role in improving primary diagnosis for EPTB (82–88) and LTBI (82, 89–92), assisting clinicians in informing anti-TB treatments and to determine/monitor the response to treatment (14, 83, 87, 91, 93–101). According to Scriba and co-workers a biomarker-based test would reduce incidence by 20% and could reduce over-diagnosis and treatment using methods like IGRA (102), which are poor predictors of disease progression, with pooled positive predictive values of less than 3%.

Numerous studies and reviews have been published evaluating the current status of biomarkers with potential for active, latent and incipient TB diagnosis, many derived from work profiling the host peripheral blood, immune cell transcriptional response (85, 86, 102–106) (82, 90, 93, 94, 96, 101, 107–113). In one of the initial studies Berry and co-workers identified a complex 393 gene panel which could identify individuals with active TB compared with controls and a 86 gene signature which discriminated active TB from other inflammatory and infectious diseases (107). The same group then went on to identify panels which could distinguish pulmonary TB, pulmonary sarcoidosis, pneumonia and lung cancer (114). This field of research has subsequently become a focus of intense interest and these and a number of other groups have identified various discriminatory signatures for the various forms and stages of TB; ATB, EPTB, LTBI and incipient TB and also for exposure in household contacts, risk of progression to active disease and response to therapy (82, 96, 108–113, 115–136). Some of these have subsequently been reviewed or further validated in comparative cohort studies by other workers in the field (88–90, 110, 126, 136–139). Of the previously published blood transcriptional biomarker panels for active pulmonary tuberculosis reviewed recently by Turner et al. (137), four panels achieved the highest diagnostic accuracy and two met the minimum but not optimum WHO target product profiles (TPP) requirements for a triage test (74, 140); Sweeney et al. [Sweeney3 (120)], Roe et al. [Roe3 and BATF2 (119, 121)] (78) and Kaforou et al. [Kaforou25 (132)]. In a similar study by Gupta et al. (89), eight panels showed promise for discrimination of incipient TB with receiver operating characteristic curves ranging from 0·70 to 0·77. These predominantly reflected genes from interferon and tumor necrosis factor-inducible gene expression modules. There is still a need to define biomarker panels which will fulfill the WHO TPP optimal requirements for a triage test and for a confirmatory test.

We have previously shown differential expression of PBL gene mRNAs in response to MTB infection in a Macaca fascicularis model of TB (141). These non-human primate models are considered to most closely reflect the disease seen in humans (142, 143) and are widely used, particularly for vaccine development (144–146). Microarray hybridization analyses of macaque peripheral blood mRNAs to human whole genome arrays revealed many temporally expressed, gene expression changes, in response to MTB challenge. A selection of significant, differentially regulated immune mRNA biomarkers was identified, which were shared with previously published human data sets (Patent WO2015170108A1). Here we investigate 72 of the most highly-significant biomarkers by quantitative, real-time PCR (qPCR) in two new cohorts of TB patients and controls from the UK and India. This study was conducted to validate previous findings from the NHP model and confirm biomarker suitability for ongoing diagnostic test development for both ATB (both EPTB and PTB) and LTBI. We discuss the performance of these biomarkers, both singly and in combination with reference to WHO target product profiles and their suitability for inclusion in low complexity qPCR assays. We also present initial observations on the utility of some biomarkers/biomarker configurations to identify LTBI individuals at high risk of progression to ATB and which may differentiate different sub-types of TB, i.e., pulmonary (PTB) and extra-pulmonary (EPTB).



Materials and Methods


Study Participants and Sample Collection

All participants recruited to the study were aged ≥18 years old. Patients with PTB and EPTB were recruited at two of India's medical institutes of national importance (1) The All India Institute of Medical Sciences (AIIMS), New Delhi and (2) The Jawaharlal Institute of Postgraduate Medical Education & Research (JIPMER), Puducherry, located in regions of high TB incidence [designated groups IPTB (n = 47) and IEPTB (n = 42)]. Patients with PTB were also recruited at Guy’s and St Thomas’ and Royal Free London NHS Foundation Trusts, London UK (low TB incidence site; designated group UKPTB (n = 63)). Individuals with suspected LTBI (n = 103) and matched negative controls [CNTRLB (n = 102)] were recruited from individuals variably-domiciled in the UK and Asia, resident in the greater London area as part of the UK PREDICT TB study, i.e (4, 42)., by Public Health England Centre for Infections, 61 Colindale Avenue London and University College, London UK. This was a prospective cohort study, recruiting participants from 54 centers in London, Birmingham, and Leicester, at high risk for latent tuberculosis infection (i.e., recent contact with someone with active tuberculosis [contacts] or a migrant who had arrived in the UK in the past 5 years from-or who frequently travelled to-a country with a high burden of tuberculosis [migrants]). Exclusion criteria included prevalent cases of tuberculosis. Individuals with suspected LTBI were identified using the standard Mantoux tuberculin skin test ((TST) i.e., skin-test positive) and/or positivity for one or more of the interferon γ release assay tests (IGRA)—QuantiFERON® TB Gold In-Tube ((QFG) QIAGEN GmbH, Hilden, Germany) and T-SPOT®.TB ((TSPOT) Oxford Immunotec Ltd, Oxford, UK). CNTRLB were identified as negative using these test combinations. All patient sample details are given in Supplementary Table S1 (inside file: Supplementary Table 1.1), the number of samples obtained per study site given in Supplementary Table S1 (inside file: Supplementary Table 1.2). Several individuals from the LTBI group were found to have progressed to active disease during study follow up [see Supplementary Table S1 (inside file: Supplementary Table 1.3)]. LTBI were analyzed either as a combined group (LTBI, n = 103) or stratified into non-progressors to active TB (LTBI_NPR, n = 95) or progressors to active TB (LTBI_PR, n = 8) for all ongoing analyses. Other negative controls (CNTRLA, n = 20) were recruited at PHE, Porton Down, Salisbury, UK (Study Number 12/WA/0303).

All patients recruited to the study at partner sites in India were recruited under an approval from the JIPMER Institute Ethics committee (Human studies), AIIMS Institute Ethics committee and PHE, UK (India Study Number JIP/IEC/2015/11/522, UK Study Number PHE0186). The experiments were carried out in accordance with the approved guidelines of the collaborating institutions. Whole blood samples were collected by venipuncture at a single time point in PAXgene™ (PreAnalytiX, SWZ) or Tempus™ Blood RNA tubes (Applied Biosystems, UK) and stored at −80°C until further processing.



Total RNA Extraction and cDNA Synthesis

Total RNA was extracted from the blood samples of study participants using either the PAXgene Blood RNA or Tempus Spin RNA extraction kits, in accordance with the manufacturer’s instructions. The PAXgene Blood RNA kit (QIAGEN) was used to extract total RNA from all UK group samples and the Tempus Spin RNA Isolation Kit (Applied Bio systems) was used to extract total RNA from all Indian group samples. Although two different RNA extraction methods were used, there are no conflicting reports as to the likely impact of these on the accuracy of downstream qPCR gene target determination (118–123). Differences are reported as relating mainly to miRNAs and not mRNAs (as quantified in this study). To minimize experimental technical variation between samples, mRNA targets were normalized to the average of three internal house-keeping control genes prior to data export and downstream analysis, to minimize any potential sources of technical variation. The concentration and purity of mRNAs were then assessed using a Nanodrop ND-1000 spectrophotometer (Thermo Scientific, EUA). mRNA integrity was further assessed using the Agilent 2100 Bioanalyzer (Agilent Technologies). Purified RNA was immediately processed for complementary DNA (cDNA) conversion using Transcriptor First Strand cDNA synthesis Kit (Roche) as per the instructions provided by the manufacturer. The cDNA was then immediately analyzed using qPCR or stored at −20°C until use.



Roche Real-Time Ready qPCR Assays

Seventy-two test genes of significance were selected for qPCR validation from our previous studies (141). Details and function of all target genes are given in Supplementary Table S1 (inside file: Supplementary Table 1.4). A summary of the overlap with select previously published gene panels is given in Supplementary Table S2 (inside files: Supplementary Tables 2.1 to 2.8) (genes overlapping with those analyzed in this study highlighted in red text). Glucose-6-phosphate dehydrogenase (G6PD), phosphoglycerate kinase 1 (PGK1) and ribosomal protein L13a (RPL13A) were selected for inclusion as controls from available default control gene options in the Roche Real-Time ready (RTR) assay design center, which showed consistent, invariant expression across control and test groups in the previously published NHP data set.

Expression levels of all human test and control genes were determined using pre-designed or bespoke RTR assays, designed using the RTR assay design configurator (configuration numbers 10059401, 100059386 and 10059377) and arrayed in 384 well format. All qPCR assays were performed in duplicate on the Roche LightCycler 480 (LC480) using TaqMan PCR Probe Master Mix (Roche) and according to the manufacturer’s instructions, using the following cycling conditions (i) preheat for 1 cycle at 95°C for 10 minutes (ii) amplification for 45 cycles: 95°C for 10 s, 60°C for 30 s, 72°C for 1 s (ii) cooling to 40°C for 10 s. Data were normalized to the average of the three control genes prior to export using the LC480 software. Normalized data (ΔCt values) were then exported in .txt file format prior to further analysis.



Data Analysis and Visualization of qPCR Outputs Using GeneSpring 14.9™

Normalized data exported from the Roche LC480 were imported into Microsoft Excel. The mean of two duplicate data points was calculated using the Average ()  function. Averaged data was then imported into GeneSpring 14.9™ (GX14.9) for further statistical and differential gene expression analyses, using baseline transformation to the median of all samples (without further normalization). All data were then assessed for quality and filtered by error, where the % coefficient of variance (%CV) was >200 (maximizing the number of entities exhibiting expression differences across all samples and removing those with poor or no signals). Statistically significant features were identified using either one-way analysis of variance (ANOVA) analysis using Benjamini-Hochberg false discovery rate (BH FDR, at a corrected p-value cutoff p < 0.05) across all groups, or t-tests for comparisons between individual groups (also using BH FDR and a cutoff p < 0.05). All further analyses and graphical depiction of data outputs were conducted using other functions in GX14.9 using default settings, e.g., scatter plot, regression and unbiased hierarchical cluster analyses (either Euclidean (EUC) or Pearson’s centered (PC) distance metrics using Ward’s linkage rule and the cluster entities setting). Other data analyses were conducted using various functions in “R”, Microsoft Excel or Sigmaplot 12.0 (Systat Software Inc.).



Receiver Operating Characteristic/Area Under the Curve and Performance Analysis

Receiver Operating Characteristic/area under the curve (ROC/AUC) analyses were performed using normalized, exported mean LC480 qPCR ΔCt values. ROC curves were plotted using “R” × 64 3.4.0 Software using the ROCR package or the ROC analysis tool of Sigmaplot 12.0. The accuracy and performance of each candidate single biomarker was measured by calculating area under the curve (AUC) values. Cutoff values were predicted by measuring the optimal accuracy of the curve, from which the sensitivity and specificity of each biomarker/biomarker panel test were determined. Optimal cutoffs were selected to obtain best sensitivity and specificity and to compare biomarker performance. Combined panels of biomarkers were also assessed to determine whether these could show improved discrimination between control and infected TB groups over single biomarkers. Simple algorithms consisting of biomarkers combined additively were assessed by ROC analysis and the diagnostic performance further assessed using sensitivity, specificity, cutoff values, likelihood ratios and positive (PPV) and negative (NPV) predictive value calculations. Select biomarker panel configurations were also evaluated to WHO TPP requirements for triage minimum and optimum and confirmatory test minimum requirements using the Sigmaplot 12.0 ROCR/ROC analysis functions. Outputs were depicted graphically using either Sigmaplot 12.0 or GraphPad 8.0.



Receiver Operating Characteristic/Area Under the Curve and Performance Analysis for Optimal Biomarker Panels on Previously Published Data Sets

Previously published data sets from Singhania et al. [GSE107991, GSE107992, GSE107993, GSE107994 (109)], Leong et al. [GSE101705 (110)], Turner et al. [E-MTAB-8290 (137)], and Zak et al. [GSE79362 (111)] studies were downloaded and normalized numeric expression values for the relevant panel gene entities extracted. These were analyzed for ROC/AUC and overall performance to WHO TPP requirements for select, significant composite gene biomarker panels from this study as described above (section 2.5).




Results


Quality Assessment of Normalized Data Signals and Cluster Analysis

Normalized, exported mean Roche Lightcycler qPCR ΔCt values were imported into GX14.9 and assessed for signal quality. Fifty-three of seventy-two gene entities remained after filtering by error (%CV >200). Samples were assigned to their specific control and disease groups, i.e., (i) low TB incidence region UK control (CNTRLA) (ii) low TB incidence region UK control from the PREDICT TB study (CNTRLB) (iii) low TB incidence region UK LTBI from the PREDICT TB study (LTBI), variously stratified according to progression (LTBI_PR) or non-progression (LTBI_NPR) to ATB (iv) low TB incidence region UK TB (UKPTB) (v) high TB incidence region India extra-pulmonary TB (IEPTB) (vi) high TB incidence region India pulmonary TB (IPTB).

An unbiased EUC cluster analysis was then performed on filtered data, the results are given in Figure 1. Two clear main clusters of entity expression could be seen using this analysis; clusters 1 and 2, with associated sub-clusters. Overall, there was an observed pattern of increasing differential regulation of biomarkers in the TB disease groups compared with the control groups, from LTBI through IEPTB, UKPTB and IPTB. The composition of biomarkers varied slightly in the comparisons between groups, although there was also some overlap of entity expression between groups. Gene entities in cluster 1 appeared to delineate groups associated with generalized presumed exposure and/or infection with MTB. Cluster 2 and associated sub-cluster gene entities exhibited variable expression between exposed or infected groups, clusters 2i and 2j featured entities which associated more strongly with ATB. CD52 (cluster 2h) appears more generically differentially expressed across the groups, but slightly down-regulated in LTBI.




Figure 1 | Cluster analysis on all fifty-three significant, filtered entities on group averaged data CNTRLA - low TB incidence region UK control group CNTRLB - low TB incidence region UK control group from the PREDICT TB study group LTBI - low TB incidence region LTBI from the PREDICT TB study group IEPTB - high TB
incidence region extra-pulmonary TB group UKPTB - low TB incidence region UK TB group IPTB - high TB incidence region Indian pulmonary TB group.



Cluster 1 includes only eight entities, some of which are interferon regulated, e.g., IFIT3 and GBP1, others include entities associated with MHC class I antigen processing, e.g., HLA-B and TAPBP and associated with neutrophil and/or other innate immune cell activity, e.g., IFITM3, S100A11 and NCF1C; (i) in cluster 1a, IFIT3 is only associated with the ATB disease groups (ii) cluster 1b the entities associate mainly with the high incidence control (CNTRLB) and ATB groups, although HLA-B also appears expressed in the low incidence (CNTRLA) group and (iii) cluster 1c, the entities associate with the LTBI, IEPTB, UKPTB and IPTB groups (Figure 1).

Cluster 2 featured immune-related entities which were differentially regulated between sub-groups, (i) cluster 2a with the CNTRLB group, (ii) clusters 2b, 2d, and 2j with the IPTB group, (iii) cluster 2c with the UKPTB group, (iv) cluster 2e predominantly with the UKPTB group, (v) cluster 2f weakly with the CNTRLB, UKPTB and IPTB groups and (vi) cluster 2g with the CNTRLB and more weakly with the IPTB group, (vii) cluster 2h associated across all groups but more weakly with the LTBI and IPTB groups, (viii) cluster 2i with the IEPTB, UKPTB and IPTB groups and (ix) cluster 2j with the CNTRLB, LTBI, UKPTB and IPTB groups (i.e., all test groups except the IEPTB group). Thus, good differential expression of gene entities was observed between the low TB incidence controls (CNTRLA) and the other groups, i.e., those with ATB from low TB (UKPTB) and high TB incidence regions (IEPTB and IPTB).



Analysis of Normalized qPCR Data Using Analysis of Variance

To determine the best performing biomarkers for onward progression from those displaying a positive signal post-filtration, Analysis of Variance (ANOVA) was performed across all groups using BH FDR (corrected p value < 0.05) and using the Student–Newman–Keuls differences in means (SNK), post-hoc test. Seventeen of the fifty-three gene entities from the %CV filtered data set were found to be statistically significant and differentially regulated across the groups using this analysis; including CD52, GBP1, GBP2, GBP5, HLA-B, IFIT3, IFITM3, IRF1, LOC400759 (GBP1P1), NCF1C, PF4V1, S100A11, SAMD9L, STAT1, TAF10, TAPBP, and TRIM25 (17-plex signature). The number of entities that were discriminatory between groups from the ANOVA SNK analysis are summarized in Supplementary Table S1 (inside file: Supplementary Table 1.5) and  Supplementary Information S1, Figure 1.1.



Cluster and Scatterplot Analysis of Significant Differentially Regulated Entities

To further investigate group-specific changes in the seventeen, statistically significant differentially regulated biomarkers, PC unbiased cluster analysis was performed a cross the control, stratified LTBI (LTBI_NPR and LTBI_PR) and other ATB disease groups (Supplementary Information S2, Figure 2.1 and ANOVA p- and fold change values in  Supplementary Table S3 (inside files:  Table 3.1 with pairwise, p values from the SNK post hoc test table given in  Table 3.2). individual line plots (average expression +/− standard error) for each of these entities are given in  Supplementary Information S1, Figures 1.2 to 1.18.

Two distinct clusters were observed, each of which could be divided into four sub-clusters, which further delineate differential expression of the key biomarkers between the control and TB-exposed or infected groups. In addition, clear differences in expression could be seen between the LTBI progressors and non-progressors for a number of these gene biomarkers (boxed in red).

The 17-plex signature was further analyzed in greater detail using scatter plot analysis (Figure 2), for the LTBI_NPR and LTBI_PR groups. Seven of these biomarkers showed clear differential expression between the two groups ( Supplementary Information S2, Figure 2.1, with fold change differences given in Supplementary Table S3 (inside file: Table 3.3). IFITM3, S100A11, GBP1, GBP5, STAT1 and LOC400759 (GBP1P1), were upregulated in the LTBI-PR group and HLA-B, TAPBP, NCF1C, PF4V1, CD52 and IRF1 were downregulated. Regression analysis using the 17-plex signature gave a best fit line R2 value of 0.735 (Figure 2A), however using the six upregulated biomarkers plus HLA-B (7-plex signature) alone, the R2 value increased to 0.828 (Figure 2B). Addition of any other differentially markers to the panel did not provide any further improvement to the R2 value. These showed therefore good potential for identifying “high risk” pre-progressor LTBI patients at an early stage of disease for preventative interventions.




Figure 2 | (A) Scatter graph depiction of the seventeen statistically significant entities in LTBI non-progressor and LTBI progressor groups, with associated linear regression (R2) significance analysis (B) Scatter graph depiction of the seven preferred, differentially expressed entities in LTBI non-progressor and LTBI progressor groups, with associated linear regression (R2) significance analysis.





Analysis of Control and LTBI Groups Using 7plex Cumulative Average Expression

Inherent variability in biomarker expression was observed between individuals within all the groups (depicted in heatmap format in Supplementary Information 4, Figure 4.1) and particularly control group CNTRLB. Some individuals within this group have high positivity for select key biomarkers. Using the normalized numeric ΔCt values for the 7-plex signature, we assessed whether these markers could provide a means for stratifying individuals in the control, LTBI_NPR and LTBI_PR groups into high, medium and low risk categories, using a simple arithmetic cumulative index (Supplementary Table S3 (inside file: Table 3.4). ROC curve analyses were not conducted due to an imbalance in the number of individuals in the control and LTBI_NPR groups, relative to the LTBI_PR group (n = 8) Supplementary Table S3 (inside files: Table 3.1 with pairwise, group t-test p values given in Table 3.2). Individuals in these groups were ranked according to their cumulative average expression values (CAE) for the 7-plex signature, then cutoff points set at (i) equal to and greater than the mean ( > )  (ii) equal to and greater than the mean plus one standard deviation ( + SD)  or (ii) equal to and greater than the mean plus two standard deviations ( + 2SD). Three LTBI_NPR, two LTBI_PR, four CNTRLB (including patients 1053, 2439 and 1864 highlighted in Supplementary Information 4, Figure 4.1) had cumulative values over  + 2SD. No CNTRLA individuals had cumulative values over  + 2SD. Ten LTBI_NPR, one LTBI_PR, ten CNTRLB and no CNTRLA individuals had cumulative values between  + 2SD and  + SD. Twenty-nine LTBI_NPR, 1 LTBI_PR, 16 CNTRLB and 6 CNTRLA individuals had cumulative values greater than , but less than  + SD. These results would suggest that both the CNTRLB and LTBI groups are heterogeneous. The CNTRLB group may be a mixture of true negative, exposed uninfected and LTBI infected and the LTBI group a mixture of exposed (currently) uninfected and exposed (currently) infected. Those in the upper ranges for the CAE in both groups are potentially at higher risk of progression to ATB. However, further work needs to be done to assess the performance of this 7-plex panel for stratification purposes, with a greater number of patients and controls to follow up.

These results suggest that the TST and IGRA tests used to define these groups may have incorrectly assigned some individuals in the CNTRLB and LTBI groups. There were near equivalent numbers in each stratified category and the groups look similar in ranked distribution. This information further suggests use of individual or low-complexity gene biomarker panels will be unlikely to be sufficient for stratification of LTBI and high-risk control groups, due to inherent variabilities in expression between individuals, which may lead to omissions in identifying “true” infected individuals. A more complex multi-biomarker approach will be required to give requisite test sensitivity.



Determination of Single Biomarker Receiver Operating Characteristic Profiles

Pairwise comparisons for all seventeen significant differentially-expressed single biomarkers were conducted across all infected and control groups [Supplementary Table S3 (inside files: Table 3.5, 3.5A for controls vs ATB, 3.5B for controls vs LTBI and Table 3.5C for controls&LTBI vs ATB)], ranked according to specificity). The accuracy of single biomarker discriminatory performance across the main active TB disease groups is summarized in Supplementary Table S1 (inside file: Supplementary Table 1.6) and between the LTBI_PR and LTBI_NPR groups in Supplementary Table S1 (inside file: Supplementary Table 1.7). Many of these single biomarkers gave AUC values above 0.9, the cutoff considered to be an indicator of very high accuracy (up-regulated in the test group, highlighted in bold black text and dark grey fill). Others gave AUC values above 0.8, considered to be an indicator of high accuracy (highlighted in normal text and medium gray fill). Many others gave AUC values above 0.7, the cutoff considered to be an indicator of moderate accuracy (highlighted in normal text and light grey fill). Some gene biomarkers gave AUC curve values below a cutoff of 0.3 indicating an inverse relationship of the markers between the control and test groups ((i.e., down-regulated in the test group) highlighted in white italic text and very dark grey fill). From these analyses, many of the significant gene biomarkers were observed to show good performance between disease and control groups. The best performing across all groups were GBP1, GBP2, IFIT3 and SAMD9L (up-regulated) and TAF10 (down-regulated). Several others with more moderate or group-specific performance were also considered viable candidates for ongoing diagnostic algorithm development. IFITM3 showed the best performance in delineating the LTBI group from both groups of controls and IRF1, TAPBP, and TRIM25 may highlight subtle differences in expression between the two LTBI groups.

Performance/accuracy and discrimination between control and disease groups were assessed for likelihood ratios (LR) and positive/negative predictive values (PPV/NPV), using defined qPCR thresholds. Cutoff values which discriminated all ATB from controls were selected at a fixed sensitivity of 80% for PPV and NPV calculations. The accuracy and discriminatory performance between control and disease groups was very good for many biomarkers. Using predicted cutoff values at 80% sensitivity, the LR+ values approached 10 and LR- were correspondingly low. GBP1 attained a specificity of 91.8% at 80% sensitivity and good PPV/NPV (92.42% and 78.87% respectively) when discriminating all ATB from all controls, IFIT3 also showed good performance with a specificity of 90.98% at 80% sensitivity (PPV/NPV; 90.98% and 78.57% respectively). These results suggest both biomarkers would be very good diagnostic candidates for ATB.

GBP1 and IFIT3 showed less impressive performances for LTBI. GBP1 attained a specificity of 61.68% at 80% sensitivity and PPV/NPV (72.53% and 68.84% respectively) and IFIT3 37.38% specificity at 80% sensitivity (PPV/NPV; 69.69% and 57.14% respectively). The best performing marker for discrimination of LTBI from all controls was IFITM3, with a specificity of 64.49% at 80% sensitivity and PPV/NPV (74.19% and 72.06% respectively). These results emphasize again the difficulties in discriminating LTBI from controls, compared with the superior performance of select biomarkers for the ATB group and suggest that the use of individual gene biomarkers would be unlikely to be sufficient for primary disease diagnosis, due to somewhat lower NPV values. This may lead to omissions in identifying infected individuals, due to the likelihood of false negatives and to some lesser extent false positives with individual biomarkers. It was decided therefore to investigate a multi-biomarker panel approach for on-going diagnostic development.



Determination of Biomarker Panel Receiver Operating Characteristic Profiles and Determination of Diagnostic Algorithms for Diagnostic Test Development

To improve the overall sensitivity and performance, various combinations of gene biomarkers were trialed to determine the optimal configuration to distinguish the various TB disease groups (LTBI (both LTBI_NPR and LTBI_PR), IEPTB, UKPTB, and IPTB) from the control groups (CNTRLA and CNTRLB), with a view to identifying diagnostic panels. qPCR values were combined or subtracted additively according to empirically designed algorithms, then tested using pairwise ROC curve analyses. Illustrations of the best performing combinations are given in full in Supplementary Table S3 (inside files: Table 3.6, 3.6A for controls vs ATB, 3.6B for controls vs LTBI and Table 3.6C for controls&LTBI vs ATB). These are summarized in Table 1 across the main active TB disease groups and Table 2 across the LTBI_PR and LTBI_NPR groups respectively.


Table 1 | Summary of AUC ROC values for control and ATB group pairwise comparisons using simple, composite arithmetic algorithms.




Table 2 | Summary of AUC ROC values for control, latent and combined ATB group pairwise comparisons using simple, composite arithmetic algorithms.



The gene combinations which gave most consistent high accuracy discrimination between all control and ATB groups were GBP1+IFIT3 (ROC/AUC = 0.945, Figure 3A and depicted in scatterplot format in Figure 4A). Inclusion of SAMD9L (GBP1+IFIT3+SAMD9L) reduced the AUC value slightly (ROC/AUC = 0.944, Figure 3B and Figure 4B), but increased the specificity and PPV and NPV values, suggesting combining these three biomarkers may give the best overall test performance. This latter 3-plex gene combination also worked reasonably well for discrimination of Control&LTBI vs ATB groups (Supplementary Table S3 (inside file: Table 3.6C). The distribution of individuals above the defined cutoffs for each of these two combinations seen in Figures 4A, B show the high accuracy discrimination across all three ATB groups, compared with the CNTRLA group. The UKPTB group shows a greater range of positive and negative results above and below the cutoff value (−0.46) and may be more heterogeneous. At this cutoff only three IPTB patients and one IEPTB appear as false negatives. More moderate accuracy discrimination was observed between the LTBI and both control groups at the same cutoff (AUC = 0.79). Similar results were shown for GBP1+IFIT3+SAMD9L (Figure 4B). As discussed above the combination of GBP1+IFITM3 improved the ability to discriminate LTBI from combined controls but not from ATB (Figures 3C and 4C).




Figure 3 | (A) ROC Curve analysis of all individual TB disease groups compared to the CNTRLA group and combined CNTRL&LTBI vs ATB groups, using the GBP1+IFIT3 algorithm (B) ROC Curve analysis of all individual TB disease groups compared to the CNTRLA group and combined CNTRL&LTBI vs ATB groups, using the GBP1+IFIT3 +SAMD9L algorithm (C) ROC Curve analysis of all individual TB disease groups compared to the CNTRLA group and combined CNTRL&LTBI vs ATB groups, using the GBP1+IFITM3 algorithm All CNTRLS vs ATB , All CNTRLS vs IPTB , All CNTRLS vs UKPTB , All CNTRL vs IEPTB , All CNTRL vs LTBI , All CNTRL&LTBI vs ATB .






Figure 4 | Scatter plot representations of data from analyses using the GBP1+IFIT3, GBP1+IFIT3 +SAMD9L and GBP1+IFITM3 algorithms across all control and TB disease groups including the LTBI non-progressor and progressors (A) GBP1+IFIT3 algorithm using the calculated cut-off value which discriminates ATB from all combined control groups (-0.046). (B) GBP1+IFIT3 +SAMD9L algorithm using the calculated cut-off value which discriminates ATB from all combined control groups (-0.036) (C) GBP1+IFITM3 algorithm using the calculated cut-off value which discriminates the LTBI from all combined control groups (0.074).



Other combination panels of gene biomarkers were trialed to determine the optimal configurations distinguishing LTBI (LTBI_NPR and LTBI_PR) from control groups (see Table 2 and Supplementary Table S3 (inside file:  Table 3.6B)). GBP1 + IFITM3 showed high accuracy for discrimination of the LTBI groups from the CNTRLA group (AUC = 0.96) and more moderately when including the CNTRLB group (AUC = 0.809), (Figures 3C and 4C). GBP1+IFIT3 showed best performance for discriminating LTBI from ATB (Table 2) with an AUC of 0.865. Small differences were detected between non-progressor and progressor groups. Additionally, the combination of GBP1 + IFIT3 + IFITM3 achieved an ROC/AUC = 0.808, showing this combination could also be used for discrimination of LTBI and ATB. The ability to discriminate ATB from controls with or without LTBI was shown for all three panel combinations (shown in boxplot format in Figures 5A–C).




Figure 5 | Bar chart representation of the comparison between the combined CNTRLA and CNTRLB control groups, the LTBI group, the combined CNTRLA, CNTRLB and LTBI groups and the combined ATB groups (A) using the GBP1+IFIT3 algorithm (from Table 2), (B) using the GBP1+IFIT3+SAMD9L algorithm (from Table 2) (C) using the GBP1+IFITM3 algorithm (from Table 3).



Diagnostic accuracy was further assessed using fixed sensitivities and/or specificities for the WHO TPPs (74, 140) for triage or confirmatory tests (given in Supplementary Table S3 (inside file:  Table 3.7) — TB triage test; minimum ≥ 90% sensitivity and 70% specificity, TB optimal test; ≥ 95% sensitivity and 80% specificity, TB confirmatory test; ≥ 98% specificity and 65% sensitivity), with a side by side comparison of the panels’ performance given in Supplementary Table S3 (inside file: Table 3.8). The combination of GBP1+IFIT3 met the minimum and optimal triage and the confirmatory test requirements for all pairwise comparisons using CNTRLA alone, but not with CNTRLB alone or when CNTRLB was combined with CNTRLA, with the exception of the EPTB group. GBP1+IFIT3+SAMD9L met the minimum and optimal triage and the confirmatory test requirements for all pairwise comparisons using CNTRLA alone, except the UKPTB group. However, it showed good performance for the CNTRLB and CNTRLA&B combinations vs all ATB for the confirmatory test performance.



Determination of Biomarker Panel Receiver Operating Characteristic Profiles and Performance of the Optimal Biomarker Panels on Previously Published Data Sets

The performance of the panels on previously published data sets was then conducted [Supplementary Table S4, (inside Table: 4.1)]. Overall the performance of the panels was good, with high ROC/AUC values, however the results were variable. Most of the panels met either the minimal triage or confirmatory test requirements, except for the GSE107993 (Singhania_Leicester LTBI non-progressor study set), GSE79362 and E-MTAB-8290 data sets, where there was no minimal requirement positivity observed. Several of the preferred biomarker combinations met the minimum triage requirements for many of the study sets, including GSE107994 (Singhania_Leicester LTBI progressor study set). GBP1+GBP2+IFIT3+SAMD9L also met the confirmatory test minimum for controls vs ATB. The 7plex signature met the minimum and optimum triage and confirmatory test requirements for controls vs ATB and LTBI vs ATB and the minimum requirements for controls vs LTBI progressors. The GSE107992 data set showed good performance for most of the panels, except the optimal triage requirement for GBP1 + IFIT3, GBP1 + IFIT3+ SAMD9L and GBP1 + GBP2 + IFIT3 + SAMD9L +TAPBP.




Discussion

Here we describe Roche LightCycler 480 qPCR validation of differentially-regulated whole blood PBL mRNA gene biomarkers, previously identified in an NHP model of pulmonary TB (141), in 2 cohorts of patients with active TB (ATB) and a cohort of patients with latent TB (LTBI), compared with two groups of controls (CNTRLA and CNTRLB). Determination of candidate biomarker expression was conducted across ATB patient groups with pulmonary TB (UKPTB and IPTB), extra-pulmonary TB (IEPTB) and latent TB (LTBI_NPR and NPR_PR). Fifty-three of seventy-two biomarkers showed differential gene expression signals between disease groups and controls after quality filtration (%CV >200), on this platform. Seventeen highly significant markers were identified from this filtered data set using ANOVA; CALCOCO2, CD52, GBP1, GBP2, GBP5, HLA-B, IFIT3, IFITM3, IRF1, LOC400759 (GBP1P1), NCF1C, PF4V1, SAMD9L, S100A11, TAF10, TAPBP, and TRIM25 were further analyzed. The results showed a predominance of interferon-regulated gene entities, i.e., IRF1, STAT1, IFIT3, IFITM3, GBP1, LOC400759 (GBP1P1), GBP2, GBP5, and TRIM25 along with other entities associated with immune function. Using unbiased cluster analysis, the significant markers showed differential expression profiles across the control and study groups and increasing patterns of expression in active disease groups. Involvement of interferons and dysregulation of interferon-regulated genes in TB has been documented extensively elsewhere (101, 105, 107, 147–151), and our study further confirms these observations. Some inferences as to the underlying biology of biased expression across the groups could be made (a fuller description of gene biological function and group specific expression is given in Supplementary Table S1 (inside file: Supplementary Table 1.4 and Supplementary Information S4). Gene expression patterns may suggest some phased expression of interferon-regulated genes associated with different stages of disease.

ROC analyses revealed the single best performing biomarkers for discriminating both ATB and LTBI groups. Individual best performing biomarkers were then assessed for performance in combination using simple algorithms with the aim of developing minimal, multiplex biomarker panels for diagnosis. Various combinations were trialed empirically, with smaller two and three multiplexes giving good performance characteristics. The panels have shown good sensitivity, specificity and PPV/NPV. Combinations of GBP1, IFIT3, IFITM3 and SAMD9L using simple arithmetic algorithms looked promising for diagnosis of most ATB presentations. They may also be useful for diagnosis of LTBI and identification of individuals at high risk of progression.

The key diagnostic panel for all types of ATB was determined to be GBP1 and IFIT3, which gave the best performance both individually and in combination (combined AUC = 0.95). The combination of GBP1+IFIT3 could also discriminate LTBI samples from controls with a fairly good degree of accuracy (combined AUC = 0.79), but with reduced resolution compared with the preferred combination of GBP1 + IFITM3 (combined AUC = 0.809). The combination of GBP1 and IFIT3 met both the minimum and optimum TTP profile criteria for both the triage and confirmatory test when single and combined ATB groups were compared with the CNTRLA group. When the CNTRLB group was used as comparator this combination met the minimum triage test criteria only for the UKPTB, IPTB and IEPTB groups and the combined ATB group. It met the minimum criteria for the confirmatory test for the IEPTB and IPTB, but not the UKPTB or combined ATB groups. When the CNTRLA and CNTRLB groups were combined and the ATB groups then compared, this combination met the minimum triage criteria for all single ATB groups and the combined ATB group, but the optimal criteria for the triage test for the IEPTB group and the minimum confirmatory test for the IEPTB and IPTB groups only. When the CNTRLA, CNTRLB and LTBI groups were combined and compared with the single and combined ATB groups, this biomarker combination met the minimum criteria for the triage test only. These results demonstrated the potential for this minimum biomarker set to be used as both a triage and confirmatory test; however, its performance is influenced by the comparator group used. The results show clear differences between the control groups, again suggesting the CNTRLB group is a biased comparator, due to the likely presence of TB positive individuals. If these tests were used in an unbiased fashion, a proportion of the samples in the CNTRLB and LTBI groups would flag up as positive above the assigned threshold test cutoffs and be identified for potential follow up. This biomarker combination was not useful for discrimination of any combination of control or LTBI groups.

Inclusion of SAMD9L (GBP1+IFIT3 +SAMD9L) achieved a reduced AUC value of 0.94 but improved sensitivity and positive and negative predictive values (PPV & NPV), suggesting that this combination could give overall best performance (i.e., reducing the number of false negatives). This combination met many of the minimum and optimum TTP profile criteria for both the triage and confirmatory test, similarly to GBP1 and IFIT3, but its performance did not compare as favorably for the confirmatory test, except for all ATB groups vs CNTRLB singly as comparator and in combination with CNTRLA. Similar results were also observed with the other combinations, some of which show improved performance for discriminating between LTBI and ATB for the minimum triage requirement. It can be seen that the various biomarker combinations give slightly different results and any resulting developed test could potentially be tailored according to intended end use, particularly for discrimination between LTBI and ATB.

GBP1+ IFITM3 met the minimum and optimal performance criteria for the LTBI_NPR and combined LTBI groups for the triage test in comparison with CNTRLA, but the minimum criteria for the LTBI_PR group only. It met the confirmatory test criteria for the LTBI_PR group, but not for the LTBI_NPR and combined LTBI groups. These results are likely to be influenced by differences between LTBI and the two different control groups, due to heterogeneity in the CNTRLB group, which may contain mis-assigned LTBI or preclinically infected individuals, as discussed previously. The GBP1+ IFITM3 panel distinguishes LTBI from unambiguously uninfected negative control groups, with good sensitivity and thus be useful as a rule out test. It may also pick up previously unidentified LTBI classified negative using the Mantoux or IGRA tests. However, more complex multiplex assays may be required for high confidence detection of LTBI and asymptomatic pre-progressor TB patients at a relatively early, latent stage of disease, due to high inherent variability between individuals in the control and LTBI groups and also a relatively low level of biomarker gene expression in these individuals compared with those in the ATB groups. Various combinations of GBP1, IFITM3, GBP5, HLA-B, LOC400759, S100A11 and STAT1 may be useful for LTBI primary diagnosis and stratification, however this requires further study.

There have been a significant number of comparative studies investigating various biomarkers/biomarker panels for MTB diagnosis (88–91, 97, 110, 137, 138, 152–155). Some of the biomarkers validated in this study have been identified by other workers in the field previously as highly useful key components of other TB-diagnostic panels, e.g., GBP1, GBP2, LOC400759 (GBP1P1), GBP5, STAT1, IFIT3 & IFITM3 (110, 114, 115), adding confidence to our own observations. The overall view that this is a valid approach and a productive pipeline for new diagnostic test development, as evidenced in published market evaluation reports (60, 75–77, 79, 81, 85, 87, 155–157). However, to date few have been postulated to fulfill the WHO minimum requirements for progression (89, 110, 137). GBP1 and IFITM3 have been previously reported as components of a four-gene signature from Maertzdorf et al. for discrimination of TB infected from healthy individuals (123). This panel was included as part of prior signature evaluation studies by Leong et al (110, 138). They showed that both complex and relatively simple biomarker combinations, could be useful diagnostically and that some of the smaller panels evaluated previously exhibit good performance characteristics. These would be more amenable to simple, cost-effective assay development. Turner and co-workers also evaluated a number of previously published biomarker signatures to benchmark their diagnostic accuracy against the WHO TPPs for a tuberculosis triage test and found none which met the optimum criteria and two which met the minimum criteria, Roe3 and Sweeney3. These did not meet the minimum requirement for a confirmatory test (89, 137). Our study may offer biomarker panels which fulfill the WHO minimum criteria and triage optimum and confirmatory minimum requirements, dependent on the control group(s) used for comparison.

Zak et al. reported GBP1 in a signature for disease risk (111), where GBP1, STAT1, and TAP1 were considered to be protective and associated with a good clinical outcome. Sweeney et al. re-ported a three-gene signature GBP5+DUSP3+KLF2 that can correctly identify ATB from healthy controls and LTBI at high risk of progression (120). In comparison to these panels, our GBP1+ IFIT3 and GBP1+IFIT3 +SAMD9L panels gave similar results for discrimination of ATB from controls (AUC - 0.95 and 0.94), and for discrimination of ATB from LTBI non-progressors (AUC - 0.91). Additionally, our GBP1+ IFITM3 panel could identify LTBI from both combined control groups with an AUC of 0.81. When just the CNTRLA control group only was used, the AUC increased to 0.96. The performance of our GBP1+ IFIT3 and GBP1+IFIT3 +SAMD9L panels for ATB also compare favorably with the Indian-lasso-24 signature published by Leong [(110) AUC 0.984] and the RISK6 signature published recently by Penn-Nicholson et al. (AUC 0.936). Our panels exhibited slightly reduced ROC curve values than the lasso-24 on the same data set, however they are smaller and more amenable to multiplex assay development.

One observation from the Leong study is the small number of ATB outlier patient samples which fall outside of the experimental error and appear as false negatives in the scatter plots. There appears to be a subgroup of patients which segregate with the control samples. This is consistent with our own observations in our study where a proportion of patients in the ATB groups test negative for most of the biomarkers assayed. It would be interesting to determine whether these represent a subgroup of patients displaying a different clinical profile to the others or symptom status as proposed previously by Blankley and co-workers (112), e.g., disease severity, defective immune response/developed anergy. This is worth further investigation and could perhaps be characterized using other analytical means, e.g. flow cytometry.

In summary, we have validated a number of TB-associated whole blood PBL immune gene markers in new cohorts of patients and controls using qPCR, of which seventeen were significant. Their utility in primary determination of ATB (both pulmonary and extra-pulmonary manifestations) and LTBI has been assessed using ROC curve analysis and evaluated against the WHO TPP requirements for a triage and confirmatory test. ATB disease could be detected with a high degree of accuracy and sensitivity, including EPTB with LTBI detected at a somewhat reduced level. We have shown that minimally small configurations of biomarkers show comparable performance in relation to other studies. They exhibit the requisite TPP requirements for further evaluation and development on our data set, however variable performance was observed with other previously published data sets. This may be due in part to technical variation with the variety of assay platforms used, the contribution of which may be underestimated in contemporary comparison studies. Our biomarker panels could be easily formulated into a simple multiplex qPCR assay format and used in diagnosis/screening surveillance for all TB presentations, however further validation is required. The assays in this study were conducted on the Roche lightCycler 480, but these could be adapted easily to run on any qPCR platform as part of a low cost, rapid testing/screening program. Further work is underway to develop these panels as clinically useful, utilitarian diagnostic tests.



Study Limitations

A key limitation of the study is the choice of control groups. The study includes controls, latent TB and TB patients recruited in the UK, but only TB patients in India. The preferred control group for the Indian group samples would be region-matched disease-free individuals and those with other respiratory conditions/infections. The number of LTBI individuals progressing to active disease is also relatively small and this limits the power of the statistical analysis, as they could not be analyzed as a separate group with the analytical methods used. In addition, the Indian blood samples were banked in Tempus tubes while those in the UK were banked into PAXgene tubes, which may have had an impact on the consistency of RNA extraction and recovery. Limited demographic information was available on the patients included in the study. Future studies would be planned to address these issues and further empower the analyses.
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Background: MAIT cells are non-classically restricted T lymphocytes that recognize and rapidly respond to microbial metabolites or cytokines and have the capacity to kill bacteria-infected cells. Circulating MAIT cell numbers generally decrease in patients with active TB and HIV infection, but findings regarding functional changes differ.

Methods: We conducted a cross-sectional study on the effect of HIV, TB, and HIV-associated TB (HIV-TB) on MAIT cell frequencies, activation and functional profile in a high TB endemic setting in South Africa. Blood was collected from (i) healthy controls (HC, n = 26), 24 of whom had LTBI, (ii) individuals with active TB (aTB, n = 36), (iii) individuals with HIV infection (HIV, n = 50), 37 of whom had LTBI, and (iv) individuals with HIV-associated TB (HIV-TB, n = 26). All TB participants were newly diagnosed and sampled before treatment, additional samples were also collected from 18 participants in the aTB group after 10 weeks of TB treatment. Peripheral blood mononuclear cells (PBMC) stimulated with BCG-expressing GFP (BCG-GFP) and heat-killed (HK) Mycobacterium tuberculosis (M.tb) were analyzed using flow cytometry. MAIT cells were defined as CD3+ CD161+ Vα7.2+ T cells.

Results: Circulating MAIT cell frequencies were depleted in individuals with HIV infection (p = 0.009). MAIT cells showed reduced CD107a expression in aTB (p = 0.006), and reduced IFNγ expression in aTB (p < 0.001) and in HIV-TB (p < 0.001) in response to BCG-GFP stimulation. This functional impairment was coupled with a significant increase in activation (defined by HLA-DR expression) in resting MAIT cells from HIV (p < 0.001), aTB (p = 0.019), and HIV-TB (p = 0.005) patients, and higher HLA-DR expression in MAIT cells expressing IFNγ in aTB (p = 0.009) and HIV-TB (p = 0.002) after stimulation with BCG-GFP and HK-M.tb. After 10 weeks of TB treatment, there was reversion in the observed functional impairment in total MAIT cells, with increases in CD107a (p = 0.020) and IFNγ (p = 0.010) expression.

Conclusions: Frequencies and functional profile of MAIT cells in response to mycobacterial stimulation are significantly decreased in HIV infected persons, active TB and HIV-associated TB, with a concomitant increase in MAIT cell activation. These alterations may reduce the capacity of MAIT cells to play a protective role in the immune response to these two pathogens.
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INTRODUCTION

Tuberculosis (TB) is one of the deadliest infectious diseases globally, with an estimated 10 million new cases and 1.4 million deaths in the year 2019 (1). South Africa has a high TB burden and accounts for about 3.6% of the global cases, with 360,000 cases of TB, and 58,000 deaths due to TB annually (1). One of the main drivers behind this high TB incidence is the Human Immunodeficiency Virus (HIV). South Africa had an estimated 7.5 million people living with HIV and reported about 200,000 new HIV infections in 2019 (2, 3). Of the total TB cases in 2019 in South Africa, 58% were from HIV infected people, these individuals had a disproportionally larger mortality rate of 62 (per 100,000 population) compared to HIV-negative individuals who had a mortality rate of 38 (1).

HIV and TB are both associated with impairment of the immune system (4, 5). HIV infection results in the depletion and functional impairment of CD4 T cells that are crucial to the containment of Mycobacterium tuberculosis (6, 7). TB results in lymphopaenia and more rapid progression of untreated HIV infection and HIV-induced depletion of CD4 T cells due to immune activation (5, 7). T cell immunity is therefore central in the pathogenesis of both infections.

Mucosal-associated invariant T (MAIT) cells have been shown to play a critical role in antibacterial immunity (8, 9). MAIT cells are an evolutionarily conserved, non-conventional, and innate-like subset of T cells that express a semi-invariant T cell receptor, TRAV1-2 (Vα7.2). This semi-invariant T cell receptor enables MAIT cells to recognize MHC-related protein 1 (MR1)-bound microbial vitamin metabolites, principally those derived from riboflavin pathways that are present in microbes but not in humans (10). MAIT cells can be identified through the expression of a variety of other markers such as IL-12R, IL-18R (11), the C-type lectin receptor, CD161, and CD26 (12). More recently, MR1 tetramers have been used to identify MAIT cells (13, 14). MAIT cells can be sub-divided into 3 different subsets; the predominant CD8+ subset, the CD4-, CD8-(double negative, DN) subset, and the CD4+ subset which has the lowest frequency (15).

Numerous studies have demonstrated that MAIT cells are responsive to bacteria-infected antigen presenting cells (APCs) (8, 9, 16). Chua et al. (8) demonstrated that MAIT cells have the capacity to inhibit intracellular bacterial growth in BCG-infected macrophages. Following antigen recognition, MAIT cells are activated and can rapidly produce a variety of cytokines such as IFNγ and TNF-α (16, 17). In addition, MAIT cells also have the capacity to produce cytotoxic and cytolytic molecules such as granzyme B and perforin (18), thereby having capacity to kill infected cells (9). In vivo, the absence of MR1 (and therefore MAIT cells) results in failure to control infection as mice lacking MR1 have been shown to have higher bacterial burden in their spleen and lungs compared to wild-type mice (8, 19, 20).

Studies that investigated the effect of HIV and TB disease on MAIT cells have shown decreased cell frequencies in both TB disease (21, 22) and chronic HIV infection (23–25). In TB disease, MAIT cells have also been shown to be functionally impaired with significantly lower expression of IFNγ, TNF-α, IL-17, and granzyme B (18). In HIV however, findings on MAIT cell functions have been inconsistent. Leeasnyah et al. (23) showed reduced frequencies of MAIT cells expressing IFNγ, TNF-α, and IL-17 in people with HIV-1 infection, while Fernandez observed no significant differences in frequencies of MAIT cells expressing IFNγ and TNF-α (25).

The impact of anti-retroviral treatment (ART) on MAIT cells has been investigated in several studies. Leeansyah et al. (23) and Wong et al. (22), found that the frequencies of MAIT cells were not fully restored by long-term ART and that there was only partial restoration of the capacity of MAIT cells to express IFNγ, TNF-α, and IL-17 (23). Concentrations of these cytokines were higher in individuals on ART, but still lower than healthy uninfected controls (23). There are no published studies reporting the effect of TB treatment on MAIT cell frequencies and functions.

We evaluated the effect of HIV, TB, and HIV-associated TB on the frequencies and function of MAIT cells, including in different MAIT cell subsets. We also investigated the effect of the first 10 weeks of TB treatment on MAIT cell frequencies and function.



METHODS AND MATERIALS


Study Participants

Blood was collected from 138 participants recruited at Ubuntu HIV-TB Clinic, Khayelitsha, Cape Town, South Africa. Of these, 26 were HIV negative TB negative healthy controls (HC), 92% of whom had latent TB infection (LTBI), 50 were HIV positive TB negative and 70% had LTBI (HIV), 36 were HIV negative TB positive (aTB), and 26 had HIV-associated TB (HIV-TB). All study participants were screened for TB symptoms and had chest radiographs conducted. HC and HIV group participants were asymptomatic and had normal Chest X-rays. Active TB was confirmed or excluded by sputum culture and GeneXpert. We assessed healthy controls and HIV group participants for TB exposure using QuantiFERON-TB Gold Plus assay. Participants were considered to have latent infection if the IFNγ concentrations were ≥0.35 IU/ml, and without latent infection if IFNγ concentrations were <0.35 IU/ml. Participants included into the 2 TB groups (aTB and HIV-TB) were recruited into the study before the start of TB treatment (or maximum of 3 doses). The study exclusion criteria included: declining HIV testing, pregnancy, having received more than three doses of TB treatment, presence of symptomatic anemia, and asthma or chronic obstructive pulmonary diseases. A subset of 18 individuals in the active TB group was chosen for repeat blood sample collection after 6–10 weeks (first 10 weeks) of TB treatment. Written informed consent was obtained from all study participants. Ethical approval for this study was obtained from the Faculty of Health Sciences Human Research Ethics Committee of the University of Cape Town (HREC Ref: 011/2017).



Sample Processing

Blood samples were collected into Heparinized blood collection tubes. Peripheral blood mononuclear cells (PBMC) were isolated from blood via density gradient centrifugation with the Ficoll-Paque method and cryopreserved in fetal calf serum (FCS) containing 10% dimethyl sulfoxide (DMSO). These were then frozen at −80°C overnight and transferred to liquid nitrogen for long-term storage.



Cell Stimulations

Cryopreserved PBMC were thawed and rested in R10 media (10% FBS, 1% Penicillin/Streptomycin, 1% HEPES buffer, and 50 mM 2-β-mercaptoethanol) at 37°C and 5% CO2 for 6 h prior to conducting stimulation assays. Following resting, cells were counted, and 1 million PBMC were stimulated with heat killed-M.tb (HK-M.tb) (5 × 105 CFU/ml), live Mycobacterium bovis BCG (1 × 106 and 5 × 106 CFU/million cells, using BCG multiplicity of infection (MOI) = 1 (BCG 1) and BCG MOI= 5 (BCG 5), respectively) and PHA (4 μg/ml). For the background/unstimulated control, R10 media was used. Samples were incubated at 37°C and 5% CO2 for 18 h, following which, 100 μl supernatant was collected, transferred into Sarstedt tubes and stored at −80°C. Cells were then restimulated with respective antigen cocktails with the addition of anti-CD107a antibody and Monensin + Brefeldin and incubated for an additional 6 h at 37°C at 5% CO2.



Flow Cytometry

The following antibodies were used: CD161-BV605 (HP-3G10, BioLegend), CD11c-BV650 (clone B-ly6, BD Biosciences), CD107a-BV711 (clone H4A3, BioLegend), CD4-BV786 (clone SK3, BD Biosciences), Vα7.2-AF-647 (clone 3C10, BioLegend), HLA-DR-AF-700 (clone L243, BioLegend), CD8-APC-H7 (clone SK1, BD Biosciences), IFNγ-V450 (clone B27, BD Biosciences), CD40-PerCp-Cy5.5 (clone 53C, BioLegend), CD3-ECD (clone UCHT1, Beckman Coulter), and PD1-BV711 (Clone EH12.2H7, BioLegend). Aqua fluorescent dye (Invitrogen) was used as a viability dye.

Following stimulation, cells were stained for viability with the aqua fluorescent dye and incubated for 10 min at room temperature. After viability staining, surface staining was performed with CD161, Vα7.2, CD4, and CD40. Cells were then fixed and permeabilized with Cytofix/Cytoperm buffer (BD Biosciences) followed by intracellular staining with CD3, CD8, CD14, CD11c, HLA-DR, and IFNγ. The stained samples were acquired on a BD LSR Fortessa FACSDiva Software. A total of 500,000 events were collected and results analyzed using FlowJo (version 9.9.6, FlowJo LLC). We defined MAIT cells as CD3+CD161+Vα7.2+ T cells, after excluding doublets and dead cells.



MR1 Tetramer Staining

For more precise identification of MAIT cells, and to validate the findings that we observed using antibodies, we used MR1 tetramers to investigate MAIT cell frequencies. For this, an MR1 tetramer conjugated to Allophycocyanin (APC), and loaded with 5-(2-oxopropylideneamino)-6-D-ribitylaminouracil (5-OP-RU), which is a known potent MAIT cell activating ligand, was used (Obtained from NIH Tetramer Core Facility, Emory University, Atlanta, GA, United States). PBMC were thawed and rested for 2 h, counted, and stained for viability. Cells were then stained with 50 μl of 5-OP-RU-loaded MR1 tetramer (diluted 1:100) at 37°C for 30 min. As a control, cells were stained with 6-formyl pterin (PF) loaded MR1 tetramer (diluted 1:100). Cells were washed and stained extracellularly with CD161, CD3, CD4, CD8, PD1, and CD14. Following staining, cells were washed and fixed in 1% paraformaldehyde and acquired using a BD LSR flow cytometer.



Statistical Analysis

Data visualization and statistical analyses were performed using GraphPad Prism (V.8.4.2, GraphPad Software). For statistical comparisons between the groups, the non-parametric Kruskal-Wallis test was used with a Dunn's test to correct for multiple comparisons. Wilcoxon signed rank tests were used for paired samples. IBM SPSS (version 27.0.1.0) was used for analysis of covariance (ANCOVA) to adjust for sex differences and Bonferroni tests for multiple comparisons. A p-value <0.05 was considered statistically significant. Spearman correlation analyses were used to analyze relationships between variables.

We used t-Stochastic Neighbor Embedding (t-SNE) in order to visualize the cell subset distribution and functional distribution of MAIT cells. Flow cytometry files for individual participants belonging to the same group were concatenated into one file for each group, the individual group files were then downsampled to obtain an equal number of events across the four groups, these files were then further concatenated into a single file for t-SNE. The following markers were used for T cell frequencies and MAIT cell functions; CD4, CD8, CD107a, HLA-DR, and IFNγ. For MAIT cell subset frequencies, CD4, CD8, HLA-DR, CD107a, and IFNγ were used.




RESULTS


Participant Characteristics

A total of 138 study participants were enrolled into the study, with patient characteristics summarized in Table 1. There were higher proportions of female participants in our HC (73.1%) and HIV group (76%) and a disproportionally large proportion of males in the aTB group (80.6%). TB negative healthy controls were tested for TB exposure, 92% had positive QFT results suggesting latent TB infection (LTBI) and of the 48 HIV positive TB negative group participants that were tested for QFT, 70% were positive (Table 1).


Table 1. Participant demographics and clinical characteristics.
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Frequencies of MAIT Cells Are Reduced in HIV Infection and During Active TB

We first sought to understand how HIV, TB and HIV-associated TB affect the frequencies of MAIT cells in blood. MAIT cells, defined as CD3+CD161+Vα7.2+ T cells, were identified using the gating strategy summarized in Figure 1A.
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FIGURE 1. Frequencies of MAIT cells in patients with HIV infection, active TB, and HIV-associated TB. (A) Gating strategy used to identify MAIT cells. First, doublets and dead cells were excluded, then leukocytes selected, followed by CD3+ T cells. From the CD3+ T cells, MAIT cells were identified. (B) Frequencies of MAIT cells (%CD3 T cells) in HC, HIV, aTB, and HIV-TB. (C) MAIT cell counts (number of events in MAIT cell gate) in HC, HIV, aTB, and HIV-TB. (D) Relationship between MAIT cell frequencies and CD4 counts of HIV and HIV-TB group participants was investigated using Spearman rank correlation. (E) Effect of CD4 counts; and (F) ART on MAIT cell frequencies. P-values reported from Kruskal-Wallis test with a Dunn's post-hoc test for multiple comparisons and p < 0.05 reported as statistically significant. HC, Healthy controls group; HIV, HIV only group; aTB, active TB only group; HIV-TB, HIV-associated TB group.


There were lower frequencies of MAIT cells in the HIV group (p = 0.009) compared to HC and a trend toward lower frequencies in the aTB group (p = 0.057) (Figure 1B). No significant differences were observed between the frequencies of MAIT cells in people with HIV-associated TB and healthy controls (Figure 1B). Looking at the numbers of MAIT cells (numbers of events in MAIT cell gate) showed a similar trend to MAIT cell frequencies, we observed lower numbers of MAIT cells in HIV (p = 0.001) and aTB (p = 0.014) compared to HC (Figure 1C). There was no significant difference in the number of MAIT cells between HIV-TB group and HC (Figure 1C). Supplementary Figure 1A shows that CD4 T cells are reduced from 39.7% in HC to 28.9% in the HIV group, and to 21.0% in the HIV-TB group. At the same time, CD8 T cells expanded from 33.2% in HC to 50.7% in the HIV group and 57.7% in the HIV-TB group.

We wanted to confirm whether our phenotypic analysis correlated with the now available MR1 tetramer, so we assessed MAIT cell frequencies using MR1-5-OP-RU in a subset of 10 HC, 10 HIV, 10 aTB, and 5 HIV-TB participants. Supplementary Figure 1B shows representative flow plots of MAIT cells identified with MR1-5-OP-RU tetramers. We found significantly lower MAIT cells in the aTB group compared to HC (p = 0.025) (Supplementary Figure 1C) while there were no significant differences between other groups. We found a strong positive correlation between the Vα7.2 antibody-identified MAIT cells and the MR1-5-OP-RU identified MAIT cells (r = 0.7009, p < 0.0001), (Supplementary Figure 1D). Supplementary Figure 1E shows the representative flow plots of MAIT cells identified with Vα7.2 antibody (top) and MR1-5-OP-RU tetramer (bottom). From these, we did not observe any significant differences between MAIT cells identified with Vα7.2 antibody and MAIT cells identified with MR1-5-OP-RU tetramer (Supplementary Figure 1F).

In the pooled HIV and HIV-TB groups, we assessed the effect of CD4 count, HIV VL and current ART status on MAIT cells. A significant but weak negative correlation was found between MAIT cell frequencies and CD4 counts (p = 0.001, r = −0.370) (Figure 1D), but frequencies were not correlated with HIV VL. We found that participants with CD4 counts above 350 cells/μl had significantly lower MAIT cell frequencies than participants with CD4 counts below 200 cells/μl (p = 0.035) (Figure 1E). We did not see any significant difference in MAIT cell frequencies between people on ART and those not on ART (Figure 1F), and found no difference in MAIT cell frequencies in people with HIV VL loads below 1,000 copies/ml and those with HIV VL above 1,000 copies/ml (data not shown). We evaluated dead cells to understand whether MAIT cells were preferentially dying and investigated CD161 downregulation by gating on the CD161−Vα7.2+ T cell population. We did not observe any significant differences in CD161 downregulation and cell death (data not shown).



Evaluation of MAIT Cell Subsets in HIV Infection, Active TB, and HIV-Associated TB

In order to evaluate any changes that occurred in frequencies at subset level, CD161+ Vα7.2+ MAIT cells were separated by CD4 and CD8 to obtain the three different MAIT cell subsets: CD4+CD8− MAIT cells, CD8+CD4− MAIT cells, and CD4−CD8− MAIT cells, referred to as CD4, CD8 and DN MAIT cells, respectively (Figure 2A).
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FIGURE 2. The frequencies of MAIT cell subsets during HIV infection, active TB, and HIV-associated TB. (A) Representative plots showing MAIT subsets gated from total MAIT cells. (B) Frequencies of CD4, CD8, and DN MAIT cell subsets in HC, HIV, aTB, and HIV-TB. (C) t-SNE analysis of MAIT cell subsets in the different study groups, CD4 MAIT- Blue, CD8 MAIT- Green, DN- Red. P-values reported from Kruskal-Wallis test with a Dunn's post-hoc test for multiple comparisons of groups and HC and p < 0.05 reported as statistically significant. HC, Healthy controls group; HIV, HIV only group; aTB, active TB only group; HIV-TB, HIV-associated TB group.


Figure 2B shows the frequencies of MAIT cell subsets as a proportion of total T cells. Frequencies of CD4 MAIT cells were lower in the groups with HIV (p < 0.001), and HIV-TB (p < 0.001) compared to CD4 MAIT cells in HC. CD8 MAIT cell frequencies were significantly lower in HIV (p = 0.042) and active TB groups (p = 0.041) compared to HC. DN MAIT cell frequencies were significantly lower in HIV group (p = 0.006) compared to HC (Figure 2B). From the t-SNE plots, it was clear that the CD8 (red) and DN (green) MAIT subsets make up significant proportions of MAIT cells compared to CD4 MAIT cells (blue). There were no large differences observed in the distributions of the different MAIT cell subsets except in the HIV-TB group where CD4 MAIT cells were substantially depleted (1.25%) compared to HC (4.47%) (Figure 2C).

Due to the disproportionate number of males and females in our HC compared to other groups, especially the active TB group, we adjusted for the effect of sex using ANCOVA and corrected for multiple comparisons using a Bonferroni test. Similar trends were observed in which frequencies of MAIT cells were significantly lower in HIV group compared to HC (p = 0.024). Frequencies of CD4 MAIT subsets were significantly lower in all groups compared to HC (HIV, p < 0.001; aTB, p = 0.016; HIV-TB- p < 0.001). There were no significant differences in the frequencies of CD8 MAIT subsets. Lastly, frequencies of DN MAIT subsets were lower in HIV only group compared to HC (p = 0.039). P-values before and after correction for sex differences are presented in Supplementary Table 1.



MAIT Cells Are Functionally Impaired in Active TB and HIV-Associated TB

In order to assess MAIT cell functions, we evaluated the expression of CD107a (marker of degranulation), and IFNγ as functional markers of mycobacterial stimulation. Figure 3A shows the representative flow plots from the HC group for unstimulated cells and cells stimulated with BCG 1, HK-M.tb, and PHA.
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FIGURE 3. MAIT cell responses after BCG and HK-M.tb stimulation. (A) Representative plots showing IFNγ and CD107a expression after stimulation with BCG 1, heat-killed M.tb (HK-M.tb), and phytohemagglutinin (PHA). (B,C) Expression of CD107a and IFNγ after BCG stimulation and HK-M.tb stimulation, respectively. (D) Contour plots for t-SNE analysis of MAIT cell functions between the different groups. red-cytokine-MAIT cells; dark-blue-CD107a+ MAIT cells; green-IFNg+ MAIT cells; light blue-HLA-DR+ MAIT cells. (E) CD4 counts of HIV and HIV-TB group participants and frequencies of MAIT cells expressing CD107a and IFNγ, assessed using Spearman correlation. (F) Effect of ART on MAIT cells expressing CD107a and IFNγ. (G) Effect of CD4 counts on MAIT cells expressing CD107a and IFNγ. P-values reported from Kruskal-Wallis test with a Dunn's post-hoc test for multiple comparisons and p < 0.05 reported as statistically significant. HC, Healthy controls group; HIV, HIV only group; aTB, active TB only group; HIV-TB, HIV-associated TB group.


In response to BCG 1 stimulation, no significant differences were observed in the frequencies of MAIT cells expressing CD107a between the HIV group and HC. Frequencies of MAIT cells expressing CD107a were significantly lower in the active TB group compared to HC (p = 0.006, Figure 3B). Frequencies of MAIT cells expressing IFNγ were lower in active TB group (p < 0.001) and HIV-associated TB (p < 0.001) compared to HC Figure 3B. Supplementary Table 2 shows the p-values and adjusted p-values for group comparisons of these MAIT frequencies and functions before and after correcting for multiple comparisons.

In response to HK-M.tb stimulation, we did not see any significant differences in the frequencies of MAIT cells expressing CD107a, although there were significantly lower frequencies of MAIT cells expressing IFNγ in people with HIV-TB compared to HC (p = 0.044) (Figure 3C). Upon stimulation with HK-M.tb, there were very low frequencies of MAIT cells expressing intracellular CD107a compared to BCG stimulation, as seen in Figures 3A,B.

We conducted t-SNE analyses on MAIT cells stimulated with BCG 1 (Figure 3D). In the t-SNE plots, a great proportion of MAIT cells were not responsive to BCG stimulation (cluster 1). The frequencies of MAIT cells expressing IFNγ were represented as green, MAIT cells expressing CD107a were blue and those expressing HLA-DR as cyan. The frequencies of MAIT cells expressing IFNγ were similar between HC and HIV group but were significantly lower in aTB compared to HC (6 vs. 19%). This depletion was coupled with the expansion in non-responsive MAIT cells in cluster 1. Finally, MAIT cells expressing IFNγ made up all of cluster 3, but a proportion of MAIT cells expressing CD107a also expressed IFNγ and these were found mainly in cluster 2.

Assessing the effect of HIV-related parameters on MAIT cell function, there was a positive, albeit weak correlation between frequencies of MAIT cells expressing IFNγ and the CD4 counts of participants with HIV (HIV and HIV-TB) (p < 0.001, r = 0.395) (Figure 3E). There were no significant differences in MAIT cells expressing CD107a, and IFNγ between people on ART and those not on ART (Figure 3F). Participants with CD4 counts above 350 cells/μl had higher frequencies of MAIT cells expressing CD107a than participants with CD4 counts below 200 cells/μl (p = 0.045) (Figure 3G). Similarly, there were higher frequencies of MAIT cells expressing IFNγ in participants with CD4 counts above 350 cells/μl than those with CD4 counts below 200 cells/μl (p = 0.021), and CD4 counts between 200 and 350 cells/μl (p = 0.043) (Figure 3G).

We also assessed the response to stimulation with live BCG using higher MOI (BCG 5). We found no significant differences in the frequencies of MAIT cells expressing CD107a in the HIV and HIV-TB group. There were lower frequencies of MAIT cells expressing CD107a in the aTB group (p = 0.015) compared to HC (Table 2). There were significantly lower frequencies of MAIT cells expressing IFNγ in the aTB (p = 0.006) and HIV-TB (p = 0.018) compared to HC (Table 2). P-values for groups comparisons before and after correcting for multiple comparisons are shown in Supplementary Table 3.


Table 2. Median and interquartile range (IQR) of frequencies of cytokine-expressing MAIT cells in response to stimulation with higher MOI BCG (BCG 5).
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Next, we looked at the functions of MAIT cell subsets in response to BCG 1 stimulation. For CD107a expression by MAIT cell subsets, there were no significant differences in the CD4 MAIT cell subset. There was lower expression of CD107a in the CD8 MAIT cell subset in aTB group (p = 0.003) and HIV-TB group (p = 0.026) compared to HC (Supplementary Figure 2A). Frequencies of DN MAIT cells expressing CD107a were significantly lower in the active TB group (p = 0.013) and HIV-TB group (p = 0.017) compared to HC (Supplementary Figure 2A).

There were lower frequencies of CD4 MAIT cells expressing IFNγ in HIV (p = 0.004), aTB (p = 0.003), and HIV-TB (p = 0.010) compared to HC (Supplementary Figure 2B). For CD8 MAIT cell subsets expressing IFNγ, frequencies were lower in aTB (p < 0.001), and HIV-TB (p < 0.001) compared to HC (Supplementary Figure 2B). Frequencies of DN MAIT subsets expressing IFNγ were significantly reduced in aTB (p = 0.001) and HIV-TB (p < 0.001) compared to HC (Supplementary Figure 2B). For the HIV group, frequencies of CD8, and DN MAIT cells that expressed IFNγ were similar to healthy controls.

After adjusting for sex differences, frequencies of MAIT cells expressing CD107a were lower in aTB group compared to HC (p = 0.046) and were not statistically significant in HIV and HIV-TB group. Frequencies of MAIT cells expressing IFNγ were lower in aTB (p = 0.024), but only a trend in HIV-TB group (p = 0.072) compared to HC (Supplementary Table 1). There were lower frequencies of CD8 MAIT subsets expressing IFNγ in the aTB group (p = 0.016) and HIV-TB (p = 0.045) compared to HC (Supplementary Table 1).

We also assessed the effects of the 24-h stimulation on the frequencies of MAIT cells. Representative flow plots in Supplementary Figure 3A show MAIT cell frequencies after 24-h. incubation in the unstimulated cells (top) and MAIT cell frequencies after 24-h. stimulation with BCG 1 (bottom). In each group, there were no significant differences in the frequencies of MAIT cells between unstimulated cells and cells stimulated with BCG 1 (Supplementary Figure 3B).



MAIT Cells Are Significantly Activated in HIV Infection, Active TB, and in HIV-Associated TB

We next investigated the effect of the different conditions on the activation status of MAIT cells. HLA-DR expression was used as a marker of T cell activation. There were no significant differences in frequencies of MAIT cells expressing HLA-DR between the groups (Supplementary Figure 4). HLA-DR median fluorescence intensity (MFI) on resting MAIT cells, was significantly higher in the HIV (p < 0.001), active TB (p = 0.019), and HIV-TB (p = 0.005) compared to HC (Figure 4A).
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FIGURE 4. Activation status of MAIT cells in HIV, aTB, and HIV-associated TB represented by the MFI of HLA-DR. Activation status of resting (unstimulated) MAIT cells in HC, HIV, aTB group, and HIV-TB group (at the top) and activation status of BCG stimulated IFNγ+ MAIT cells and MAIT cell subsets (at the bottom). (A) Bulk MAIT cells. (B) CD4 MAIT subsets. (C) CD8 MAIT cells. (D) DN MAIT cells. P-values reported from Kruskal-Wallis test with a Dunn's post-hoc test for multiple comparisons and p < 0.05 reported as statistically significant. HC, Healthy controls group; HIV, HIV only group; aTB, active TB only group; HIV-TB, HIV-associated TB group.


We also assessed specific MAIT cell activation status by analyzing the HLA-DR expression on MAIT cells expressing IFNγ following stimulation with BCG 1. We observed higher activation status in IFNγ + MAIT cells from active TB group (p = 0.009) and HIV-TB group (p = 0.002) compared to HC (Figure 4A).

For MAIT cell subset activation in unstimulated cells, we found that the MFI of HLA-DR on CD4 MAIT subsets was significantly higher in the HIV (p = 0.047), aTB (p = 0.019), and HIV-TB (p = 0.008) compared to HC (Figure 4B). CD8 subsets activation was also elevated in HIV (p < 0.001), aTB (p = 0.017), and HIV-TB (p = 0.011) compared to HC (Figure 4C). DN MAIT subset were found to be highly activated in HIV (p = 0.002), and HIV-TB (p = 0.048) (Figure 4D).

In response to BCG 1 stimulation, we observed that IFNγ+ CD8 MAIT cell subsets from HIV-TB had an elevated HLA-DR MFI (p = 0.049) compared to HC (Figure 4C). IFNγ+ DN MAIT subsets from HIV, aTB, and HIV-TB all had higher HLA-DR MFI than healthy controls (p = 0.025 in HIV, p = 0.048 in aTB, p = 0.001 in HIV-TB) (Figure 4D).

We assessed PD1 expression in a subset of HC (n = 10), HIV (n = 10), aTB (n = 10), and HIV-TB (n = 5) participants: the frequencies of MAIT cells expressing PD1 were significantly higher in the aTB group (p = 0.020) (Supplementary Figure 5) compared to HC. There were no differences in MAIT cell subset except for the DN where PD1 expression was lower in HIV-TB (p = 0.008) compared to HC.

After adjusting for sex differences, HLA-DR MFI on bulk MAIT cells were higher in HIV group (p < 0.001) and HIV-TB group (p = 0.030). There were no significant differences in HLA-DR MFI in CD4 MAIT cells. There were higher HLA-DR MFI in CD8 MAIT cells and DN MAIT cells from HIV group (CD8 MAIT subset, p = 0.002; DN MAIT subset, p = 0.015) compared to HC (Supplementary Table 1).



MAIT Cell Functions but Not Frequencies Are Restored After 10 Weeks of TB Treatment

To investigate whether TB treatment induced any changes in MAIT cell frequencies and functions, a subset of 18 individuals from the aTB group were sampled after 6–10 (median of 8) weeks of TB treatment. No significant differences were observed in the MAIT cell frequencies between baseline (week 0) and week 10 of TB treatment (Figure 5A). There was an increase in the frequencies of MAIT cells expressing CD107a (p = 0.020), and IFNγ (p = 0.011) after 10 weeks of TB treatment (Figures 5B,C).


[image: Figure 5]
FIGURE 5. Effect of TB treatment on MAIT cell frequencies and functions. (A) Frequencies of MAIT cells and MAIT cell subsets at start of treatment (Week 0) and at 10 weeks of TB treatment (Week 10). (B,C) MAIT cell and MAIT cell subset responses (CD107a expression and IFNγ expression) at start of treatment (Week 0) and after 10 weeks of TB treatment (Week 10). P-values reported from Wilcoxon-ranked test between paired samples and p < 0.05 reported as statistically significant.


We found no changes in CD4 and CD8 MAIT cells expressing CD107a after TB treatment (Figure 5B). The frequencies of DN MAIT cells expressing CD107a were higher after 10 weeks of TB treatment (p = 0.027) (Figure 5B). Frequencies of all MAIT cell subsets expressing IFNγ were higher after 10 weeks treatment (IFNγ+ CD4 MAIT; p = 0.008, IFNγ+ CD8 MAIT; p = 0.040, IFNγ+ DN MAIT; p = 0.008) (Figure 5C).




DISCUSSION

We investigated both the frequencies and function of MAIT cells in healthy adults, adults with HIV, active TB, and HIV-associated TB in a high endemic TB setting in South Africa. MAIT cell frequencies were depleted in people with HIV infection, and with active TB. Although MAIT cells in HIV infected, active TB, and HIV-associated TB patients had an elevated activation status, their functions were retained in response to BCG stimulation in HIV infected patients. In patients with active TB, MAIT cells were functionally impaired with lower expression of IFNγ and increased activation. There were also increased frequencies of MAIT cells expressing PD1 in active TB. We observed that MAIT cell frequencies did not recover after 10 weeks of TB treatment, but their functional capacity (measured by CD107a and IFNγ expression) did increase.

The depletion of blood MAIT cell frequencies in people with HIV and active TB has been described previously, and our findings are consistent with these previous studies (21–23), with the exception of the study by Suliman et al. (26). Suliman et al. (26) defined MAIT cells as CD3+ 5-OP-RU MR1 tetramer+, and showed that in a cohort of TB patients in South Africa and Peru that there was no significant difference in MAIT cell frequencies between TB patients and healthy controls, both with and without latent TB infection. We observed a non-significant decrease in MAIT cell frequencies in people with active TB when MAIT cells were defined using antibodies, but this decrease was significant when MAIT cells were more precisely defined using tetramers. It is thought that depletion of MAIT cells in blood during infection may be due to their recruitment to the sites of infection (23, 27, 28). Leeansyah and colleagues reported that although MAIT cells were lost in the blood in HIV-1 infection, their frequencies were preserved in the rectal mucosa, suggesting that they are either preserved in these sites or that they migrate to mucosal sites as a response to infection and to maintain mucosal integrity (23, 25). More recently, it has been shown that there were increased MAIT cell frequencies in gut mucosa of people in the early stages of HIV infection compared to healthy controls suggesting early recruitment to mucosal tissues (29).

In TB disease, evidence also suggests that MAIT cells might be recruited to sites of infection and have been shown to be lost in blood of people with active TB but enriched in the lungs, with a capacity to secrete IFNγ in response to co-culture with M.tb-infected lung epithelial cells (9). More recently, Wong et al. (28) showed that although individuals with active TB had fewer circulating TRAV1-2+ CD8 T cells, they had 3 times more TRAV1-2+ CD8+ T cells in the bronchoalveolar lavage fluid (BAL) compared to matched healthy controls, suggesting recruitment to the lungs.

Interestingly, whereas we found lower frequencies in HIV infection and active TB, we did not see any significant differences in HIV-associated TB. Since participants with HIV-associated TB had lower CD4 counts and higher HIV viral loads, this observation could be explained by the severe depletion of non-MAIT T cells in the CD3 compartment which leads to the relative enrichment of the MAIT compartment. Saeidi et al. (30) did not observe any significant differences in the frequencies of MAIT cells between people that had HIV-associated TB who were on ART and healthy controls. They showed that a group of HIV-associated TB patients who were not on ART had lower frequencies than healthy controls. This suggests that ART may have partially restored MAIT cell frequencies in HIV-associated TB. It is worth noting though, that the study defined MAIT cells as CD161++ CD8+ T cells whereas we defined them as CD161+Vα7.2+ T cells. Another difference between the studies is the sample size; each of their groups had 10 individuals, fewer than in our study.

Similar to previous studies (22, 23), we did not see any differences in MAIT cell frequencies in individuals on ART and those not on ART, and we also did not see any correlations between MAIT cell frequencies and HIV VL. The observed inverse correlation of MAIT cell frequencies with CD4 counts seems largely driven by individuals with HIV-TB since MAIT cells in this group were inversely correlated with CD4 counts but this was not evident in the HIV only group.

The results from MR1-tetramer defined MAIT cells showed significantly lower frequencies of MAIT cells in active TB than healthy controls but not in HIV group compared to healthy controls. This was different from the results from Vα7.2 identified MAIT cells which showed lower MAIT cells in HIV. It is not clear if this observation is due to the lower sample size. It could suggest that antibody staining may be technically insufficient for detecting all MAIT cells, especially if these markers are regulated differentially under different disease states. Gherardin et al. have suggested that this could lead to some MAIT cells being missed due to expression of alternate T cell receptors and low expression of CD161 (14, 31, 32). Some cells can be misclassified as MAIT cells and it has been demonstrated that some CD161+Vα7.2+ MAIT cells were unable to bind to MR1-loaded tetramers (14, 33), and Swarbrick et al. (14) suggested that these cells share similar transcriptional profiles with MR1-restricted T cells but need further functional characterization.

We investigated MAIT cell functions by assessing the expression of CD107a and IFNγ in response to BCG and HK-M.tb. In response to BCG, we observed no significant differences in the frequencies of MAIT cells expressing IFNγ and CD107a between the HIV group and healthy controls. This was in contrast to previous studies that showed that HIV positive individuals had fewer MAIT cells expressing IFNγ, CD107a, and granzyme B compared to healthy controls (23, 34). One fundamental difference between our study and these previous studies is that they both assessed MAIT cell responses to fixed Escherichia coli stimulation whereas we assessed functions using live BCG. Our findings were similar to those studies that did not report any significant differences in the MAIT cell functions between healthy controls and HIV positive individuals (25, 29). However, both of those studies investigated MAIT cell responses to MAIT cell ligand 5-OP-RU, IL-12, and IL-18 stimulation, and in early HIV infection where these functions may be maintained. Stimulation with HK-M.tb yielded very low expression of CD107a on MAIT cells and this is likely due to the denaturing of MAIT cell activating ligand due to heat-killing which may have led to an inability to activate MAIT cells in an MR1-dependent manner. However, there were increased IFNγ responses which indicate that HK-M.tb may have still been able to activate MAIT cells through MR1-independent mechanisms. Interestingly, we only saw reduced frequencies of MAIT cells expressing IFNγ in HIV-TB and not in aTB, suggesting that M.tb specific responses were still maintained in HIV and aTB group but not in HIV-TB. Although the specific MAIT cell ligands in both BCG and HK-M.tb have not been described, the observed MAIT cell responses to BCG in our study may be through both the MR1-dependent and MR1-independent mechanisms.

In TB participants, we saw that there were lower frequencies of MAIT cells expressing CD107a and IFNγ. These results were consistent with those previously reported (9, 21). Interestingly, Wong et al. (28) recently showed that TRAV1-2+ CD8 T cells (MAIT cells) in bronchoalveolar lavage (BAL) fluid had greater functional responses (TNF-α expression) to Mycobacterium smegmatis-infected APCs than peripheral blood MAIT cells in patients with untreated active TB. This suggests that there is functional impairment of MAIT cells during TB disease, but this impairment may not be in all compartments. This observed dysfunction has also been described in other T cell subsets and has been attributed to T cell exhaustion which is driven by persistent antigen exposure and microbial translocation in HIV-associated TB (35).

It is possible that this diminished functional capacity is due to inhibition resulting from increased expression of inhibitory receptors such as PD1 and TIM-3 (34–36). We investigated whether PD1 expression could be a contributing factor as previously described (21, 30, 37). We found that resting MAIT cells in our disease groups were significantly more activated than healthy controls, and that in TB disease (active TB and HIV-associated TB) MAIT cells expressing IFNγ following mycobacterial stimulation, were more activated than healthy controls. This suggests that there was already immune activation in vivo. We also observed that there were more MAIT cells expressing PD1 in active TB, which could indicate that there is immune inhibition via PD1 expression as a regulatory mechanism in chronic activation, which can lead to cell death (38, 39). Jiang et al. (21) have demonstrated that this impairment in MAIT cell function can be rescued by anti-PD1 therapy.

T cell functional impairment has also been associated with mycobacterial load as Day et al. (40) demonstrated that T cell functionality worsened with higher mycobacterial load and recovers after 6 months of TB treatment. We have also observed that the functional capacity in MAIT cells improves after 6–10 weeks of TB treatment, suggesting that we are seeing an improvement in MAIT cell functions as bacterial load decreases. Similar to bulk MAIT cells, MAIT cell subset frequencies were not restored after the first 10 weeks of TB treatment, but their functions were restored.

Our findings suggest that HIV positive participants with higher CD4 counts had more functional MAIT cells than those with lower CD4 counts, and the HIV VL and ART status did not seem to impact MAIT cell functions, which is in contrast to Leeansyah et al. (23) who have reported increased frequencies of MAIT cells expressing IFNγ in people on combination ART (cART). However, in their cohort, the analyses were conducted on paired samples from people before and after cART.

It is important to note that our healthy controls (and participants with HIV only) were predominantly latently infected with TB, thus our comparisons would most likely be representative of latent TB infection vs. active TB. One of the limitations of our study is that we did not collect any BAL samples and samples from other sites of infection and thus can only postulate that the observed reductions are due to recruitment to lungs and other sites of infection. Our HC and HIV groups had larger proportions of females than males, and our aTB group predominantly consisted of males, we adjusted for sex differences using ANCOVA and we found that sex did not significantly change our observed results. Another limitation of our study was the relatively small sample size in the different participant groups. A strength of our study was that the participant groups were well-characterized in terms of TB diagnosis and HIV and ART status. To our knowledge, this is the first study to investigate MAIT cell frequencies and functions in TB, HIV, and HIV-associated TB in South Africa.

In conclusion, we found that MAIT cells are reduced in blood of people with HIV and active TB but MAIT cell functions are maintained in HIV and impaired in active TB and HIV-associated TB with significant activation in HIV, active TB, and HIV-associated TB. We have shown that MAIT cell frequencies were not restored after 10 weeks of TB treatment, but functional capacity did improve. These findings and those from previous studies suggest that MAIT cells play a role in TB pathogenesis, the precise nature of which remains to be defined. The alterations in MAIT cell frequencies and functions we observed may reduce the capacity of MAIT cells to play a protective role in the immune response to these two pathogens.
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Supplementary Figure 1. Frequencies of MAIT cells using MR-1 tetramer. (A) Representative flow plots showing CD4 and CD8 T cells in the different study groups. (B) Representative flow plots showing MAIT cells identified with (i) 5-OP-RU MR1 tetramer and (ii) 6-FP MR1 loaded control tetramer. (C) Frequencies of MAIT cells in healthy controls, HIV group, aTB group, and HIV-associated TB group. (D) Correlation between antibody defined and MR1-OPRU tetramer defined MAIT cells. (E) Flow plots comparing frequencies of Vα7.2 antibody stained MAIT cells (top) and MR1 5-OP-RU stained MAIT cells (bottom). (F) Comparisons of MAIT cell frequencies in MAIT cell identified with Vα7.2 antibody and MAIT cells identified with MR1 5-OP-RU tetramer.

Supplementary Figure 2. CD4, CD8, and DN MAIT cell subset responses to BCG 1 stimulation. (A) Expression of CD107a and (B) IFNγ in the different MAIT cell subsets in response to BCG 1 stimulation. P-values reported from Kruskal-Wallis test with a Dunn's post-hoc test for multiple comparisons and p < 0.05 reported as statistically significant. HC, Healthy controls group; HIV, HIV only group; aTB, active TB only group; HIV-TB, HIV-associated TB group.

Supplementary Figure 3. The effect of 24 h stimulation of the frequencies of MAIT cells. (A) Representative flow plots showing MAIT cell frequencies in unstimulated cells (top) and BCG stimulated cells (bottom). (B) Frequencies of MAIT cells in each group before and after BCG stimulation. P-value represents p-value from Wilcoxon rank test between paired samples.

Supplementary Figure 4. Frequencies of MAIT cells expressing HLA-DR, a marker of T cell activation. (A) Representative flow plot showing frequencies of HLA-DR MAIT cells. (B) Summary plots showing the frequencies of MAIT cells expressing HLA-DR. (C) Summary plots of HLA-DR expression in the CD4, CD8, and DN MAIT cell subsets.

Supplementary Figure 5. Expression of PD1 by resting MAIT cells and MAIT cell subsets during HIV, active TB, and HIV-associated TB. (A) Representative flow plots showing PD1 expression on MAIT cells. (B) PD1 expression on MAIT cells. (C) %PD1 expression on CD4 MAIT subset. (D) %PD1 expression on CD8 MAIT cell subset. (E) %PD1 expression on DN MAIT subset. P-values reported from Kruskal-Wallis test with a Dunn's post-hoc test for multiple comparisons and p < 0.05 reported as statistically significant. HC, Healthy controls group; HIV, HIV only group; aTB, active TB only group; HIV-TB, HIV-associated TB group.

Supplementary Table 1. Significance levels for group comparisons for bulk MAIT cell and MAIT cell subset frequencies, functions, and activation before and after adjusting for the effect of gender using Analysis of Covariance (ANCOVA) and Bonferroni correction for multiple comparisons.

Supplementary Table 2. p-values for group comparisons before and after adjusting for multiple comparisons using Dunn's test.

Supplementary Table 3. p-values of group comparisons for BCG 5 stimulated MAIT cells, before and after adjusting for multiple comparisons using Dunn's test.
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There is an urgent need to identify immunological markers of tuberculosis (TB) risk in HIV co-infected individuals. Previously we have shown that TB recurrence in HIV co-infected individuals on ART was associated with markers of systemic inflammation (IL-6, IL1β and IL-1Rα). Here we examined the effect of additional acute inflammation and microbial translocation marker expression on risk of TB recurrence. Stored plasma samples were drawn from the TB Recurrence upon Treatment with HAART (TRuTH) study, in which individuals with previously treated pulmonary TB were screened for recurrence quarterly for up to 4 years. Recurrent TB cases (n = 37) were matched to controls (n = 102) by original trial study arm assignment and ART start date. Additional subsets of HIV infected (n = 41) and HIV uninfected (n = 37) individuals from Improving Recurrence Success (IMPRESS) study were sampled at active TB and post successful treatment completion. Plasma concentrations of soluble adhesion molecules (sMAdCAM, sICAM and sVCAM), lipopolysaccharide binding protein (LBP) and transforming growth factor-beta (TGF-β1, TGF-β2, TGF-β3) were measured by multiplex immunoassays and ELISA. Cytokine data was square root transformed in order to reduce variability. Multivariable analysis adjusted for a number of potential confounders measured at sample time-point: age, BMI, CD4 count, viral load (VL) and measured at baseline: presence or absence of lung cavities, previous history of TB, and WHO disease stage (4 vs 3). The following analytes were associated with increased risk of TB recurrence in the multivariable model: sICAM (aOR 1.06, 95% CI: 1.02-1.12, p = 0.009), LBP (aOR 8.78, 95% CI: 1.23-62.66, p = 0.030) and TGF-β3 (aOR 1.44, 95% CI 1.01-2.05, p = 0.044). Additionally, we observed a positive correlation between LBP and sICAM (r= 0.347, p<0.0001), and LBP and IL-6, identified to be one of the strongest predictors of TB risk in our previous study (r=0.623, p=0.03). These data show that increased risk of TB recurrence in HIV infected individuals on ART is likely associated with HIV mediated translocation of microbial products and the resulting chronic immune activation.
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Introduction

Despite being a preventable and treatable disease, tuberculosis (TB) is currently one of the top ten causes of mortality globally and ranks above human immunodeficiency virus/acquired immunodeficiency syndrome (HIV/AIDS) as the primary cause of mortality from an infectious agent (1). Africa accounted for 25% of new TB cases in 2019, partly driven by the overlapping HIV epidemic. The risk of developing active TB disease in people living with HIV (PLHIV) is 18 (2–8) times higher compared to HIV uninfected individuals (1). There is a dire need to improve our ability to predict those most at risk for TB disease progression and poor TB treatment response especially among HIV infected patients to enable early implementation of mitigating clinical and public health measures.

The lack of reliable biomarkers of TB risk and treatment response has hindered TB management and drug development. Well defined correlates of TB risk and protection could facilitate rapid screening of new prevention methods and could improve diagnosis of active disease thereby slowing down transmission (9). TB biomarkers are needed partly because of inability to detect the bacterium or its products in easily accessible patient samples. The current diagnosis of active disease and monitoring of response to TB treatment relies on sputum samples, whose volume and quality vary during the course of the disease. Blood-based biomarkers would be advantageous for several reasons, mainly due to relative ease of sample collection, reduced transmission risk, and the ability to measure multiple biomarkers at the same time therefore improving the predictive power of the test (10).

Susceptibility to both HIV and TB infections as well as the course and outcome of the disease are affected by the inflammation induced changes in cytokine/chemokine expression (10–15). Inflammatory responses to both HIV and TB act similarly, whereby the initial response is needed to prevent and contain the infection. However, if left uncontrolled, this inflammatory response can lead to immune mediated pathology (16, 17). HIV mediated translocation of microbial products and the resulting chronic immune activation are known to increase the risk of opportunistic infections, including TB (14). On the other side, both latent and active TB have been shown to exacerbate immune activation in individuals co-infected with HIV (18) potentially contributing to faster HIV disease progression.

Utilizing specimens from the TB Recurrence upon Treatment with HAART (TRuTH) study we have previously identified several inflammatory markers of risk of TB recurrence (IL-6, IL-1β and IL-1Rα) and protection (IFN- β) in HIV co-infected individuals on antiretroviral therapy (ART) (11). Macaque models of TB/simian immunodeficiency virus (SIV) coinfection have demonstrated that SIV-mediated chronic immune activation was the likely driver of reactivation of latent TB infection (14). As the chronic inflammation during HIV/SIV infection is driven by HIV/SIV-mediated gastrointestinal damage and leakage of microbial products we wanted to assess the effect of lipopolysaccharide binding protein (LBP), as a surrogate marker of systemic LPS exposure (19, 20), on risk of TB recurrence in TB-HIV co-infected patients. We additionally expanded our initial observations and examined three adhesion molecules: soluble intracellular adhesion molecule (sICAM), soluble vascular cell adhesion molecule (sVCAM) and soluble mucosal addressin cell adhesion molecule (sMAdCAM) for their roles in inflammation and cell recruitment to the mucosal tissues (21); and three isoforms of the transforming growth factor – beta family (TGF-β1, 2 and 3) for their roles in inflammation, immunoregulation and mucosal barrier repair (2, 3). The effect of the measured analytes on the risk of TB recurrence was done using specimens from the TB Recurrence upon Treatment with HAART (TRuTH) study, in which HIV infected individuals with previously treated pulmonary TB were screened for recurrence quarterly for up to 4 years. Additional cohort (Improving Recurrence Success, IMPRESS) was used to assess the effect of active TB and successful TB treatment completion on the expression of the measured analytes in both HIV infected and uninfected individuals.



Methods


Study Participants

Informed written consent for study enrolment and sample storage for future analysis was obtained from all study participants. The University of KwaZulu-Natal’s Biomedical Research Ethics Committee (BE659/17) approved this study. We analyzed stored plasma specimens from two Centre for the AIDS Programme of Research in South Africa (CAPRISA) study cohorts: the 005 TRuTH and CAPRISA 011 IMPRESS. All study participants were recruited and treated at the urban CAPRISA eThekwini Research Clinic in KwaZulu-Natal, South Africa.

The CAPRISA 005 TRuTH observational cohort study investigated the rate of TB recurrence in ART treated adults following completion of treatment for pulmonary TB (Clinical trial NCT 01539005). These participants were previously enrolled in the CAPRISA 003 SAPiT trial (4), which investigated timing of antiretroviral (ART) initiation during pulmonary TB treatment. Participants that entered TRuTH had a confirmatory negative status for TB upon completion of TB treatment. While retained on ART, participants were screened four times a year for a maximum of 4 years for TB recurrence. We conducted a nested case-control study using TRuTH stored samples, where cases, defined by TB recurrence that had an available pre-recurrence sample, were matched on ART start date in 1:3 ratio to controls, defined as those participants with no TB recurrence during follow-up. Cases were sampled at a minimum of 3 and maximum of 9 months prior to TB recurrence, and controls sampled at comparable time points to minimize the difference in sample cryopreservation length between groups. A subset of cases was followed longitudinally at additional time points: Recurrence/TB (2-month window before or after TB recurrence) and cure/post TB (capturing a 2 month-window before and 3 month- window after recurrent TB treatment completion date).

The CAPRISA 011 IMPRESS open-label randomized controlled study (Clinical trials NCT 02114684), compared TB treatment outcomes among previously treated TB patients receiving an interventional Moxifloxacin containing TB regimen compared to standard of care for treatment of smear positive pulmonary TB (5). This study enrolled men and women who were HIV infected and uninfected, >18 years of age, with a documented previous history of TB and current sputum smear positive Mycobacterium tuberculosis (M.tb) infection. Patients were stratified by HIV status and randomized into the intervention and control arm. To analyze the effect of TB treatment completion on the expression of measured analytes (MAdCAM, ICAM, VCAM, LBP, TGF-β1, TGF-β2 and TGF-β3), a subset of HIV infected and HIV uninfected men and women were sampled at two time-points: active TB disease and post successful TB treatment completion (Cure). No matching was performed.



Sample Collection and Processing

Acid citrate dextrose (ACD) tubes were used to collect peripheral blood. The blood was centrifuged for 10 minutes at 1600rpm, the plasma was retrieved and cryopreserved for future analysis at -80°C.



Soluble Analyte Measurement

Plasma levels of sICAM and sVCAM where simultaneously quantified using the Milliplex MAP Human Sepsis kit (Millipore Corporation, St. Charles, MO). Plasma levels of TGF-β1, TGF -β2 and TGF -β3 were quantified using the Transforming Growth factor-beta kit (Bio-Rad, Laboratories Inc., Hercules, CA). All multiplex assays were analyzed on the Bio-Plex ™ 200 system. Soluble LBP (sLBP) plasma levels were quantified using the Human Lipopolysaccharide Binding Protein ELISA (R&D Systems Inc., Minneapolis, MN). Soluble MAdCAM-1 (sMAdCAM-1) levels where quantified using the Hycult Biotech HK337 Human sMAdCAM-1 ELISA kit (Hycult, USA). ELISAs were analyzed using the VersaMax™ ELISA Microplate Reader with SoftMax® Pro Software. All assays were performed as per the manufacturer’s instructions. Briefly, following sample dilutions were used: sMAdCAM-1 (1:10), TFG- β1/2/3 (1:16), sLBP (undiluted), sICAM/sVCAM (1:40). All samples measured for sMAdCAM, sICAM, sVCAM and LBP produced a value within the range of the standard curve (100% detectability). Samples measured for TGF-β1, TGF-β2 and TGF-β3 had high levels of detectability, where TGF-β1 was 97.92% and TGF-β2 and TGF-β3 were 89.06% detectable. The samples with values below the range of the standard curve were assigned the value half of the limit of detection (LOD/2). LODs for the measured analytes were as follows: sMAdCAM-1 (0.41 ng/ml), TFG- β1 (3.9 pg/ml), TFG- β2 (1.9 pg/ml), TFG- β3 (0.5 pg/ml), sLBP (1.5 ng/ml), sICAM (17.7 pg/ml), sVCAM (10.7 pg/ml).



Statistical Analysis

All specimens were analyzed blinded to the clinical status, with longitudinal samples analyzed on the same plate. GraphPad Prism version 8.3.1 (GraphPad software, La Jolla, CA), SPSS version 24 and SAS version 9.4 were used to perform statistical analysis.

For comparison of baseline characteristics of TRuTH samples between cases and controls, the Wilcoxon signed rank and the McNemar tests were used. Cytokine data was square root transformed in order to reduce the variability, a phenomenon that is known to affect most cytokine measurements. To determine if measured plasma analytes had an effect on the TB recurrence, we conducted a univariable and multivariable conditional logistic regression. Multivariable analysis adjusted for a number of potential confounders measured at sample time-point: age, body mass index (BMI), CD4 count, viral load (VL) and measured at baseline: presence or absence of lung cavities, previous history of TB, and World Health Organization (WHO) disease stage (4 vs 3). Longitudinal samples were compared using paired t-test or Wilcoxon signed rank test. Correlations between analytes were determined using Spearman correlation. The Benjamini-Hochberg method was applied to control for the false discovery rate (FDR), Q:5%.

Baseline and follow-up characteristics in IMPRESS were summarized using percentages and frequencies for categorical variables and median and interquartile range (IQR) values for continuous variables. Changes in measured analytes between active TB and TB cure were analyzed using a paired t-test for normally distributed variables and using a Wilcoxon signed rank test for variables that were not normally distributed. Individuals that failed treatment or for which TB recurrence was observed (n=3) were excluded from the analysis.




Results


Study Participants Characteristics and Demographics

TRuTH cohort: The final analysis included 139 participants, of which 37 (19 males and 18 females) were cases and 102 (45 males and 57 females) were controls. The median age was 32 years [interquartile range (IQR) 28-35] for cases and 34 years (IQR 28-40) for controls (p=0.025). The median CD4 count was 479.0 cell/mm3 (IQR 339.0-834.0) and 458.5 cells/mm3 (IQR 360.0 – 631.0, p=0.762), for cases and controls, respectively. Despite ART, some participants had detectable viral loads (VLs): the mean (standard deviation) VL for cases was 1.61 (0.7) log copies/ml and 1.5 (0.6) log copies/ml for controls (p=0.319). A detailed list of the TRuTH cohort characteristics can be found in Supplementary Table 1.

IMPRESS study: In total, 41 HIV infected and 33 HIV uninfected participants had samples available at both time points. Further 3 HIV infected individuals were excluded from analysis because they failed treatment. Out of the 38 HIV infected participants 16 were females and 22 males and out of the 33 HIV uninfected participants 2 were females and 31 males. The median age at enrolment was 35 (IQR 32-43) years for HIV infected and 33 (IQR 25-49) years for HIV uninfected participants. A detailed list of the IMPRESS cohort characteristics can be found in Supplementary Table 2.



Measured Analytes as Predictors of TB Recurrence in TRuTH

To determine if measured plasma analytes had an effect on the rate of TB recurrence, we conducted a univariable and multivariable conditional logistic regression. In the univariable analysis, two analytes were associated with increased odds of TB recurrence: sICAM [Odds Ratio (OR) 1.05, 95% Confidence Interval (CI) 1.01 – 1.08, p = 0.005] and LBP (OR 3.28, 95% CI 1.02 – 10.59, p = 0.047) (Table 1, Figure 1). These associations remained significant in the multivariable model: sICAM (aOR 1.06, 95% CI 1.02 – 1.12, p = 0.009) and LBP (aOR 8.78, 95% CI 1.23– 62.66, p = 0.030). We also observed a significant correlation between sICAM and LBP expression (r= 0.347, p<0.001, Supplementary Table 3). In addition to LBP and sICAM, TGF-β3 (aOR 1.44, 95% CI 1.01 – 2.05, p = 0.044) was significantly associated with increased risk of TB recurrence in the multivariable model (Table 1).


Table 1 | Univariable and multivariable analysis of TRuTH plasma analytes (sMAdCAM, sICAM, sVCAM, LBP, TGF-β1, TGF-β2 and TGF-β3) as biomarkers of TB recurrence.






Figure 1 | Plasma levels of LBP, sMAdCAM, sICAM, sVCAM, TGF-β1, TGF-β2 and TGF-β3 in controls (n = 103) and cases (n = 37) from TRuTH. Analytes were plotted using Box and Whiskers (5-95%). P-values indicated in the figures are the result of univariable conditional logistic regression (please refer to Table 1 for full analysis).



Previously, we measured the plasma expression of 23 plasma cytokines/chemokines to look at their impact on the risk of TB recurrence (11) in the TRuTH cohort. Here we examined if there was a correlation between the expression of 23 measured cytokines/chemokines and sMAdCAM, sICAM, sVCAM, LBP, TGF-β1, TGF-β2 and TGF-β3 in 21 overlapping plasma samples. We observed significant positive correlations between LBP and IL-6 (r=0.623, p=0.003); sVCAM and IL-27 (r=0.438, p=0.047); TGF-β1 and sCD14 (r=0.513 p=0.017); and TGF-β2 with: IL-7 (r=0.481, p=0.027), IL-6 (r=0.438, p=0.047), and sCD14 (r=0.456, p=0.038) (Supplementary Table 4).



Effect of TB Treatment Completion on Plasma Expression of Measured Analytes

A small subset of cases was followed longitudinally to observe the changes in plasma expression of measured analytes (sMAdCAM, sICAM, sVCAM, LBP, TGF-β1, TGF-β2 and TGF-β3) in response to TB treatment completion in the TRuTH cohort (n=14). No significant differences were observed in measured analyte expression between active TB and post TB treatment/Cure time-point (Supplementary Table 5).

Next we examined the changes in plasma expression of measured analytes (LBP, sMAdCAM, sICAM, sVCAM, TGF-β1, TGF-β2 and TGF-β3) from active TB to post TB/cure in HIV infected (n= 38) and HIV uninfected (n = 33) participants from the IMPRESS study. We observed no significant differences in the expression of sMAdCAM, sICAM, sVCAM, TGF-β1, TGF-β2 and TGF-β3 between active TB and post TB cure in HIV infected and HIV uninfected participants (Table 2). A trend towards increased LBP levels following TB treatment was observed in HIV infected participants [Mean difference (MD) -2.03 (95% CI 4.17-0.12), p =0.064]. Conversely, HIV uninfected participants demonstrated the opposite trend, showing lower LBP levels at TB cure [MD 2.08 (95% CI -0.20-4.36), p =0.073] (Figure 2, Table 2).


Table 2 | Changes in measured analytes in response to TB treatment in HIV infected (n = 38) and HIV uninfected (n = 33) IMPRESS study participants.






Figure 2 | Plasma levels of LBP, sMAdCAM, sICAM, sVCAM, TGF-β1, TGF-β2 and TGF-β3 in HIV uninfected [HIV(-)] and HIV infected [HIV(+)] IMPRESS participants at active TB (active) and post- TB treatment (cure) timepoints. Based on the result of the normality test either parametric: paired t-test (Active vs Cure) and t-test (HIV+ vs HIV-), or non-parametric: Wilcoxon signed rank (Active vs Cure) and Mann-Whitney (HIV+ vs HIV-) tests were used for the analysis. *Statistically significant association after FDR adjustment using 0.05 threshold.



Additionally we examined the differences in expression levels of measured analytes between HIV uninfected and HIV infected participants at both active TB and TB cure timepoints. Expression of LBP, sVCAM and TGF-β2 were significantly elevated in HIV infected participants at both active TB and TB cure (p<0.02, Figure 2). Expression of sICAM (p=0.019) and TGF-β3 (p=0.002) were significantly elevated in HIV infected participants only at TB cure timepoint, likely due to TB – induced inflammatory changes at active TB (18). No significant differences were observed for sMADCAM and TGF-β1.




Discussion

HIV-TB co-epidemic is one of the major health challenges affecting sub-Saharan Africa. Considering the geographical overlap of the HIV and TB epidemics and the 18 fold higher risk of TB in HIV co-infected (1), there is an urgent need to identify TB prognostic markers in HIV co-infected individuals, in order to improve patient management and fast-track the development of novel therapeutics. Here we identified increased levels of LBP and sICAM as biomarkers of risk of TB recurrence in HIV co-infected patients.

In the univariable and multivariable logistic models, the risk of TB recurrence was significantly associated with increase in plasma expression of sICAM and LBP, known to play a role in inflammation and translocation of microbial products, respectively (6, 19, 21). ICAM, present on endothelial cells, is involved in the firm arrest and transmigration of leukocytes from blood vessels to tissues, and is an important early marker of immune activation and response (7, 8, 22). Soluble, circulating forms of ICAM have been involved in a range of proinflammatory responses, and increase in sICAM levels have been linked with a range of human diseases including atherosclerosis and heart failure (21, 22). Previous studies have shown that the concentration of sICAM is elevated in patients with active TB disease (23, 24) and serum concentration of sICAM has been linked to bacterial burden (23, 25, 26) and disease severity (10). The observed increase in sICAM prior to TB disease likely reflects increased systemic inflammation as a result of increased bacterial replication from new infection or re-activation of latent disease.

In serum, LBP is present as a soluble acute-phase protein which binds to LPS and stimulates an immune response by presenting the LPS to cell surface pattern recognition receptors (PRRs) such as CD14 and toll like receptor 4 (TLR4) (20, 24). Increased concentrations of LBP have been observed in patients with sepsis and in healthy individuals injected with LPS (27, 28) as well as bronchoalveolar lavage fluids of heathy individuals and patients with lung injury (29). LBP was shown to be elevated in individuals with active TB and declined during treatment, suggesting that it may play an important role in the host reaction to TB (24). Increased levels of plasma LBP were associated with an increased risk of TB recurrence in this study. Since the TRuTH cohort only includes HIV co-infected individuals, increased LBP levels likely reflect both the HIV induced translocation of microbial products (30) as well as increase in TB bacterial burden. We also observed a strong positive correlation between LBP and sICAM as well as LBP and IL-6 identified to be one of the main pro-inflammatory cytokines associated with TB recurrence in our previous study (11). Interestingly, LPS was shown to be a strong inducer of both IL-6 and ICAM-1 (31, 32) suggesting that HIV-associated loss in gastrointestinal integrity and the resulting systemic inflammation could be fuelling the increased risk of TB recurrence in HIV co-infected individuals. HIV mediated gastrointestinal damage and the resulting translocation of microbial products (33) are known to cause immune activation and dysregulation of the host responses and as a result can lead to opportunistic infections including TB. This is supportive of a recent study in macaques co-infected with M.tb and SIV suggesting that SIV-driven chronic immune activation and dysregulation of T cell homeostasis associate with reactivation of latent TB (LTBI) (14). Furthermore changes in integrity of the gastrointestinal tract and resulting immune activation have been linked to lung inflammation, with 50% of adults who suffer with inflammatory bowel disease (IBD) and 33% of individuals who suffer with inflammatory bowel syndrome (IBS) having pulmonary involvement (34–36). This likely indicates that there is an inflammatory cross talk between different mucosal sites and that inflammation and dysbiosis in the gut can translate to inflammatory changes in the lungs (37).

After adjusting for covariates, the risk of TB recurrence was associated with increased concentrations of TGF-β3. TGF-β belongs to a superfamily of immunoregulatory cytokines which include three isoforms: TGF-β1, TGF-β2, and TGF-β3 (3). TGF-β controls the initiation and resolution of inflammation via regulation of chemotaxis, activation and survival of immune cells (38). Excess TGF-β was shown to supress T cell responses to M.tb antigens (39) and increased TGF-β activity is a feature of active pulmonary TB (40). Increase in TGF-β3 prior to TB recurrence likely reflects the increase in systemic inflammation. Additionally, TGF-β1 and TGF-β2 expression was positively correlated with sCD14 expression, a known marker of active TB (11, 18, 41, 42). While there is a general lack of isoform-specific data on TGF-β, isoform -specific knockout mice studies have shown non- redundant phenotypes. Specifically TGF-β3 knockout mice were shown to die perinatally due to developmental defects of the lung and defective palatogenesis (43).

We observed no significant changes in measured analytes between active TB disease and post TB treatment/cure time-points in a small subset of patients from TRuTH cohort. Likewise when we examined the changes in the expression of LBP, sMAdCAM, sICAM, sVCAM, TGF-β1, TGF-β2 and TGF-β3 from active TB disease to TB treatment completion in HIV infected and HIV uninfected individuals from IMPRESS, no significant differences were observed. Although not statistically significant, there was a trend towards decreased concentrations of plasma LBP in HIV uninfected individuals following TB treatment, likely due to a decrease in TB bacterial burden which is consistent with previous studies in predominantly HIV uninfected individuals (24). A trend towards increased concentrations of plasma LBP was observed in HIV infected individuals following TB treatment, likely reflecting a decrease in the gastrointestinal integrity caused by progressing HIV infection (33, 44). When we examined the differences in the relevant analytes between HIV infected and HIV uninfected individuals at active TB and post-successful TB treatment, we observed that LBP was significantly elevated in HIV infected individuals irrespective of the TB status, indicating that the HIV infection and resulting increase in systemic LPS exposure are the predominant drivers of increased LBP levels in co-infected patients. Plasma ICAM and TGF-β3 levels were only significantly elevated in HIV infected individuals post TB treatment completion, highlighting the effect of active TB in driving the increased expression of these markers (23, 25, 26).

Our study has several limitations. The observed associations are statistically modest and need to be confirmed in an independent human cohort to fully evaluate the predicative value of the identified biomarkers. The identified biomarkers of TB recurrence are only relevant in the context of TB-HIV co-infection. The analysis of the IMPRESS cohort is limited by an unequal gender distribution (specifically the predominance of men in the HIV-uninfected sample), a small sample size and resulting inability to stratify for potential confounders. Additional studies are needed to fully understand the relationship between treatment completion and disease severity, and the expression of the measured analytes.

In conclusion, we identified increased expression of plasma LBP and sICAM as biomarkers of TB recurrence in individuals who were receiving ART treatment in the TRuTH cohort. Our results support the notion of HIV associated chronic immune activation as the driving force in TB reactivation/reinfection in HIV infected individuals. Mitigating chronic immune activation through utilization of immune based interventions might not only lead to improved HIV outcome, but could significantly reduce the rates of TB recurrence and have a profound impact on reducing TB disease burden in HIV endemic settings. Further studies are needed to decipher the mechanism of how HIV mediated chronic immune activation increases the risk of TB reactivation in HIV co-infected individuals.
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Novel tuberculosis (TB) prevention and control strategies are urgently required. Utilising specimens from the Improving Retreatment Success (NCT02114684) trial we assessed the associations between inflammatory markers, measured during active TB, with treatment response and disease severity in HIV-infected and uninfected individuals. Multiplex immunoassays and ELISA were used to measure plasma expression of 24 cytokines/chemokines. Cytokines were log transformed to adjust for skewness. We conducted a nested, un-matched, case (n= 31) - control (n=101) study with cases defined as those participants who failed to sputum culture convert within 8-weeks of TB treatment initiation. Additionally, we examined the association between the measured cytokines and time to culture conversion and presence of lung cavitation using cox proportional hazards and logistic regression models, respectively. Multivariable analyses adjusted for a wide range of baseline clinical and demographic variables. IP-10 expression during active TB was associated with increased odds of sputum culture conversion by 8-weeks overall (aOR 4.255, 95% CI 1.025 – 17.544, p=0.046)) and among HIV-infected individuals (OR 10.204, 95% CI 1.247 – 83.333, p=0.030). Increased MCP-3 (aHR 1.723, 95% CI 1.040 – 2.855, p=0.035) and IL-6 (aHR 1.409, 95% CI 1.045 – 1.899, p=0.024) expression was associated with a shorter time to culture conversion in the total cohort. Higher plasma expression of IL-6 (aHR 1.783, 95% CI 1.128 – 2.820, p=0.013), IL-1RA (aHR 2.595, 95% CI 1.136 – 5.926, p=0.024), IP-10 (aHR 2.068, 95% CI 1.034 – 4.137, p=0.040) and IL-1α (aHR 2.008, 95% CI 1.053 – 3.831, p=0.035) were significantly associated with shorter time to culture conversion among HIV-infected individuals. Increased IL-6 and IL-1RA expression was significantly associated with the presence of lung cavitation during active TB in the total cohort (OR 2.543, 95% CI 1.254 – 5.160, p=0.010), (OR 4.639, 95% CI 1.203 – 21.031, p=0.047) and in HIV-infected individuals (OR 2.644, 95% CI 1.062 – 6.585, p=0.037), (OR 7.795, 95% CI 1.177 – 51.611, p=0.033) respectively. Our results indicate that inflammatory cytokines/chemokines play an important role in TB disease outcome. Importantly, the observed associations were stronger in multivariable models highlighting the impact of behavioural and clinical variables on the expression of immune markers as well as their potential effects on TB outcome.
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Introduction

Tuberculosis is the leading cause of death from a single infectious agent with an estimated 10 million new infections reported in 2019 (1). Globally, among HIV-uninfected individuals, an estimated 1.2 million TB deaths occurred, and an additional 208, 000 deaths were recorded among HIV-infected individuals in 2019. Africa accounted for 25% of the TB cases in 2019 and South Africa (SA) is one of eight countries accounting for two thirds of the global burden of TB. SA has the largest HIV epidemic in the world with 7.5 million people living with HIV, 200,000 new HIV infections and 72,000 deaths from AIDS-related illnesses in 2019 (UNAIDS Data, 2020). HIV-infected individuals are 15-22 times more likely to develop TB than HIV-uninfected individuals and TB is a leading cause of HIV-related deaths (WHO, 2019). Furthermore, despite suppressive ART, people living with HIV/AIDS (PLWHA) remain at heightened risk of recurrent TB during their lifetime.

Despite use of TB therapy for many decades, clinical decision making and monitoring of TB treatment response is universally dependent on microbiologic assessment of sputum culture conversion at 2 months post TB-treatment start, despite available data showing low predictive value of two-month sputum tests for predicting treatment failure and relapse (2). Moving away from sputum to more sensitive blood-based biomarkers is imperative for efficient monitoring of treatment efficacy, and early detection of treatment failure.

Measurement of plasma biomarkers could represent a cost-effective, real-time method to determine and understand an individual’s immune status and its effect on TB risk and the subsequent response to TB therapy. A number of studies have examined the effect of soluble plasma cytokine/chemokine responses on TB severity and response to treatment and several cytokines/chemokines such as TNFα, IFNγ, IL-1β, and IP-10 have been linked with disease outcome, presentation or severity (3–6). We have previously identified several inflammatory cytokines (including IL-1β, IL-6 and IL-1RA) associated with risk of TB recurrence in ART treated HIV co-infected cohort (7). Further characterisation of soluble biomarkers, especially in the context of TB/HIV co-infection, will provide valuable insight into the immunological pathways affected and provide new tools for TB screening and monitoring of treatment outcome.

Since HIV is known to cause dysregulation of the TB immune response (8, 9), here we aimed to determine if candidate plasma immune markers detected in individuals with recurrent, active TB disease, were associated with early and late culture conversion and disease severity in TB and TB-HIV co-infected individuals.



Materials and Methods


Ethics Statement

Study participants were part of the CAPRISA 011 Improving Retreatment Success trial (IMPRESS, Clinicaltrials.gov, NCT02114684), approved by Medicines Control Council of South Africa (MCC Ref:20130510). Written informed consent was obtained from all study participants prior to enrolment. University of KwaZulu-Natal (UKZN) Biomedical Research Ethics Committee (BREC) reviewed and approved the study protocol (BFC029/13). The nested study protocol was reviewed and approved by UKZN BREC (BREC/00000014/2019).



Study Participants

Study was performed on stored plasma specimens from CAPRISA 011 study participants that were recruited and treated at an urban clinic (CAPRISA eThekwini Research Clinic) adjoining the largest government outpatient TB facility, the Prince Cyril Zulu Communicable Disease Centre (PCZCDC) in KwaZulu-Natal (KZN), South Africa (SA) (10). All enrolled participants were adults ≥ 18 years, with a previous history of TB and the current diagnosis of rifampicin susceptible sputum smear-positive Mycobacterium tuberculosis (MTB) by GeneXpert MTB/RIF® technology. Smear microscopy grading was done using a standardized grading scale: smear 1+ (10 to 99 AFB in 100 fields), smear 2+ (1 to 10 AFB per field in at least 50 fields) and smear 3+ (>10 AFB per field in at least 20 fields) (11). Both HIV-infected and uninfected participants were included in the study. Patients received 8 weeks of intensive phase TB treatment with 2 weekly clinical follow-up visits, and 16-weeks of continuous phase TB treatment with monthly clinical follow-up. We conducted a nested, un-matched case-control study. Cases were defined as those participants who failed to culture convert within 8-weeks of treatment initiation, where culture conversion was defined as the first of two negative sputum cultures at two consecutive visits without an intervening culture positive result. Based on the definition and sample availability, 31 cases and 111 controls were selected for the study.



Sample Processing

Peripheral blood was collected in acid citrate dextrose (ACD) tubes. Plasma was separated by centrifugation (1600rpm for 10’) and cryopreserved at −80°C until use.



Cytokine/Chemokine Measurement

Cryopreserved plasma samples were thawed and mixed by vortexing before assays were performed. Cytokine/Chemokine levels were measured using the Millipore Milliplex® assays (Map Human Cytokine/Chemokine Panel I and IV) and analysed on a BioPlex-200 system (Bio-Rad). The Human Cytokine/Chemokine Panel I included the following cytokines and chemokines: pro-inflammatory [IL-1α, IL-1β, IL-6, IL-12(p40), IL-12(p70), TNFα, IFNα2], chemokines (IL-8, IP-10, MCP-1, MCP-3, MIP1α, MIP1β), adaptive (IFNγ, IL-4, IL-15, IL-17α), anti-inflammatory (IL-10, IL-1RA), and growth factors (VEGF).

The Human Cytokine/Chemokine Panel IV included the following cytokines: IFNβ and IL-28B/IFNλ3. Soluble CD14 (sCD14) levels were measured using the Human CD14 Quantikine® ELISA Kit and human Lipopolysaccharide-Binding Protein (LBP) plasma levels were measured using the LBP kit (R&D Systems Inc, USA). All assays were performed following manufacturer’s instructions. Samples with values outside the range of the standard curve were assigned the value half the limit of detection in pg/mL, LOD/2.



Statistical Analyses

Fisher’s Exact, Chi-Square and Mann-Whitney U tests were used to compare baseline characteristics between cases and controls. All biomarkers with more than 60% of samples above the limit of detection were analysed as continuous variables and log-transformed to adjust for skewness [IFNγ, IL-1β, IL-1RA, IL-6, IL-8, IL-10, IL-12(p70), IL-17α, IP-10, MCP-1, MIP-1α, MIP-1β, TNFα, and VEGF-A]; those with more than 40% of samples below detectability were analysed as binary variables [IFNα2, IL-1α, IL-4, IL-12(p40), IL-15, MCP-3, IFNβ and IFNλ/IL-28]. Logistic regression was used to measure the strength of association between plasma cytokine/chemokine expression at baseline and 8-week culture conversion status and discriminatory ability of the model was quantified using the area under the receiver operating curve (AUC). A Cox proportional hazards model was used to determine the association between cytokine/chemokine expression at baseline and time to culture conversion (first of two consecutive negative TB culture results), measured in days. To determine the association of plasma cytokine expression at baseline with disease severity measured by lung cavitation presence, a logistic regression model was used with presence of lung cavitation at baseline as the predictor outcome and AUC was measured. Multivariable analyses adjusted for a wide range of baseline clinical and demographic variables including study arm, age, sex, HIV status, lung cavitation, alcohol use, smoking and BMI. In addition, when analysing HIV-infected individuals CD4 counts, and viral load were adjusted for. Study arm was excluded in the multivariable lung cavitation analysis as this was not relevant for the studied timepoint. To determine the association between the systemic levels of cytokines/chemokines and bacterial burden at baseline, a one-way ANOVA with Tukey’s multiple comparisons test was done on normally distributed cytokines and non-parametric Kruskal Wallis test with Dunn’s multiple comparisons test was done on not normally distributed cytokines. Statistical analyses were performed using IBM SPSS Statistics version 25, SAS version 9.4 and graphs were made using GraphPad Prism (V8.1.2).




Results


Participant Characteristics

A total of 31 cases and 101 control samples were included in the final analysis. Ten controls were excluded from the original analysis as they did not meet the control definition (7 were not TB culture positive at baseline; 1 patient died before the 2nd TB culture negative result; and 2 had inconsistent TB culture results). There were no significant differences between cases and controls for the following characteristics: study arm, age, sex, HIV status, lung cavitation, CD4 count and viral load (Table 1). Body mass index (BMI) was significantly higher in controls [cases: 19.28 (IQR 17.96 – 19.98) vs controls: 20.42 (18.64 – 22.95), (p=0.031)]. There was a trend towards higher alcohol (p=0.067) and cigarette use (p=0.051) in cases.


Table 1 | Demographic and clinical characteristics of study participants.





Effect of Plasma Cytokines/Chemokines Expression at Active TB on 8-Week TB Culture Conversion

We examined the association between plasma cytokine expression during active TB and early culture conversion (8 weeks). We observed no significant association between expression of measured cytokines/chemokines at active TB and TB culture conversion by 8 weeks in bivariable analysis adjusting for study arm (Supplementary Table 1, Figure 1A). Following multivariable analyses, adjusting for study arm, age, sex, BMI, HIV status, lung cavitation, alcohol use and smoking, we found that increased IP-10 expression was significantly associated with increased odds of early culture conversion [odds ratio (OR) 4.255, 95% CI 1.025 – 17.544, p=0.046] (Figure 1B, Supplementary Table 1).




Figure 1 | Association between plasma cytokine/chemokine expression at active TB and 8-week culture conversion (n=132) in a (A) bivariable and (B) multivariable logistic regression model. Individual associations are shown between 8-week culture conversion and pro-inflammatory cytokines (red), chemokines (blue), adaptive response cytokines (purple), anti-inflammatory (black), growth factors (orange), interferons (green) and plasma biomarkers (pink) with error bars depicting 95% confidence intervals. Asterisk indicates significant association (p<0.05). (C) IP-10 expression among cases and controls in IMPRESS Cohort (cases n=31, controls n=101) and within the nested group of HIV-infected (cases n=20, controls n=76) and HIV-uninfected (cases n=11, controls n=25) individuals. Cytokines were plotted on log scale (Log 10), Box and Whiskers (5–95%). p-values shown on the graphs are results of the multivariable logistic regression.



We next examined the association between cytokine expression at active TB and 8-week TB culture conversion among HIV-infected individuals while additionally adjusting for CD4 count, and viral load in a multivariable model (Supplementary Table 2). An increase in IP-10 expression during active TB was associated with increase in the odds of culture conversion by 8 weeks (OR 10.204, 95% CI 1.247 – 83.333, p=0.030). The levels of IP-10 expression in all individuals and stratified by HIV status are shown in Figure 1C. While the sample size was too small to do a detailed analysis for the HIV-uninfected TB patients, IP-10 expression followed the same pattern across all subgroups irrespective of HIV status (Figure 1C). These results, in concordance with previously published data highlighting the importance of IP-10 in TB pathogenesis (12–17).



Effect of Plasma Cytokine/Chemokine Expression at Active TB on Overall Time to Culture Conversion

In order to further assess the impact of systemic inflammation during TB active disease on treatment response we used a Cox proportional hazards model to examine the association between cytokine expression during active TB and days to culture conversion (n=132). In the bivariable analysis, increased expression of IL-1RA (p=0.008) and MIP-1β (p=0.041) were significantly associated with shorter time to culture conversion (Figure 2A). In the multivariable analysis increased expression of MCP-3 [adjusted hazards ratio (aHR) 1.723, 95% CI 1.040 – 2.855, p=0.035] and of IL-6 (aHR 1.409, 95% CI 1.045 – 1.899, p=0.024) during active TB were significantly associated with shorter time to culture conversion (Figure 2B, Supplementary Figure 1 and Supplementary Table 3).




Figure 2 | Association between cytokine/chemokine expression measured at active TB and time to culture conversion (n=132) in (A) bivariable and (B) multivariable models. Individual associations are shown between time to first negative TB culture result and pro-inflammatory cytokines (red), chemokines (blue), adaptive response cytokines (purple), anti-inflammatory (black), growth factors (orange), interferons (green) and plasma biomarkers (pink) with error bars depicting 95% confidence intervals. The dotted line at 1 distinguishes the hazards ratio of higher than 1 (to the right) indicating shorter time to culture conversion and lower than 1 (to the left) indicating longer time to culture conversion. Asterisk indicates significant associations (p < 0.05).



A sub-analysis of HIV-infected individuals was performed adjusting for the effects of viral load and CD4 count (Supplementary Table 4). In the bivariable and multivariable models, higher IL-1RA (aHR 2.595, 95% CI1.136 – 5.926, p=0.024) and IL-1α (aHR 2.008, 95% CI 1.053 – 3.831, p=0.035) expression were significantly associated with shorter time to culture conversion. IL-6 (aHR 1.783, 95% CI 1.128 – 2.820, p=0.013) and IP-10 (aHR 2.068, 95% CI 1.034 – 4.137, p=0.040) were significantly associated with shorter time to culture conversion in the multivariable model. Observed increase in inflammatory markers during active TB likely contribute to enhanced cellular responses and faster bacterial clearance.



Effect of Plasma Cytokines/Chemokines Expression at Active TB on Disease Severity

To determine the association between systemic levels of cytokines/chemokines and disease severity measured by the presence of lung cavitation, we compared circulating levels of cytokines/chemokines in all individuals with cavitary and non-cavitary disease using logistic regression. In the bivariable analysis, increased expression of IL-6 (p=0.04) was significantly associated with cavitary disease. IL-6 (OR 2.543, 95% CI 1.254 – 5.160, p=0.010) and IL-1RA (OR 4.639, 95% CI 1.203 – 21.031, p=0.047) positively associated with the odds of lung cavitation in the multivariable model (Figures 3A, B, Supplementary Table 5).




Figure 3 | Association between cytokine/chemokine expression measured at active TB and disease severity measured by lung cavitation (n=132) in both (A) univariable and (B) multivariable model. Individual associations are shown between 8-week culture conversion and pro-inflammatory cytokines (red), chemokines (blue), adaptive response cytokines (purple), anti-inflammatory (black), growth factors (orange), interferons (green) and plasma biomarkers (pink) with error bars depicting 95% confidence intervals. The dotted line at 1 is the interpretation of odds ratio. Asterisk in (A, B) indicates significant associations (p < 0.05). (C) IL-6 and IL-1RA plasma levels associated with cavitary versus non-cavitary disease in total cohort (Cavitation n=93, no cavitation n=39), HIV-infected participants (Cavitation n=63, no cavitation n=33) and HIV-uninfected individuals (Cavitation n=30, no cavitation n=6). Cytokines were plotted on log scale (Log 10), Box and Whiskers (5–95%). p-values shown on the graph (C) are the results of the multivariable logistic regression.



We performed a sub-analysis of the HIV-infected individuals and adjusted for viral load and CD4 count (Supplementary Table 6). Increased expression of IL-6 (OR 2.644, 95% CI 1.062 – 6.585, p=0.037) and IL-1RA (OR 7.795, 95% CI 1.177 – 51.611, p=0.033) were associated with increased odds of cavitation. IL-6 and IL-1RA expression among total cohort and stratified by HIV status in those with and without cavitary disease show similar patterns irrespective of HIV status (Figure 3C). These results highlight the dual nature of the host immune response with similar responses being associated with bacterial clearance as well as disease severity and tissue damage.



Association Between Plasma Cytokine/Chemokine Expression and Bacterial Burden at Active TB

To determine the association between systemic levels of cytokines/chemokines and bacterial burden at active disease, we examined the differences in plasma cytokine/chemokine levels in patients with different smear grades (classified as 1+, 2+ and 3+). We observed no clear dose response with any of the measured cytokines/chemokines and smear grade (Figure 4). There was a trend towards higher IP-10 expression in Smear 2+, compared to the Smear 1+ group and trend for higher MIP-1α in Smear 3+ compared to Smear 1+ group (Figure 4A). In HIV-infected patients IP-10 levels were higher in Smear 2+ when compared to Smear 1+ group (Figure 4B). In the HIV-uninfected group, IL-10, IFNγ and IL-1RA levels tended to be higher in Smear 3+ compared to Smear 2+ group (Figure 4C). Our data indicated that measured systemic plasma cytokines/chemokines are not reliable indicators of the bacterial load as measured by the smear grades.




Figure 4 | The relationship between plasma cytokines/chemokines and bacterial burden measured by smear grades: (A) Total cohort; (Smear 1+ n= 27, Smear 2+ n=24, Smear 3+ n=81), (B) HIV-infected (Smear 1+ n=16, Smear 2+ n=18, Smear 3+ n=62) and (C) HIV-uninfected (Smear 1+ n=11, Smear 2+ n=6, Smear 3+ n=19). Only cytokines that were significantly different or trending towards significance are shown. Based on distribution IP-10 was analysed using a one-way ANOVA with Tukey’s multiple comparisons test and MIP-1α, IFNγ, IL-10 and IL-1RA were analysed using non-parametric Kruskal Wallis test with Dunn’s multiple comparisons test. Cytokines were plotted on log scale (Log 10), Box and Whiskers (5–95%).






Discussion

Identification and characterisation of host biomarkers of TB disease severity and treatment response are important tools in progress towards TB elimination and control (18). Here we characterised the role of several plasma cytokines/chemokines, measured during active TB, on early and delayed culture conversion and disease severity in HIV-infected and -uninfected individuals.

Increased IP-10 levels during active TB were associated with early bacterial clearance after 2 months of intensive TB therapy in the total cohort as well as HIV-infected subgroup after adjusting for covariates. IP-10 (also known as CXCL10) is a chemokine that induces chemotaxis, apoptosis, cell growth inhibition and angiostasis (19). A number of published studies have highlighted the role of IP-10 in TB pathogenesis and the potential of using IP-10 as a biomarker of treatment response in TB patients (12–17). Additionally, IP-10 was shown to contribute to the inhibition of mycobacterial replication in the ex vivo model of human whole blood assay (20). Due to its stability and high expression, IP-10 has demonstrated potential to be developed into a simple point-of-care (POC) test (21–23). Our data supports these observations and highlights the role of IP-10 in TB clearance among HIV-infected and -uninfected patients with recurrent TB.

After adjusting for covariates, IL-6 and MCP-3 were significantly associated with shorter time to culture conversion in the total cohort. Chemokines, such as MCP-3 play an important role in host response to MTB, with MTB-exposed macrophages showing highly increased MCP-3 expression (24). Furthermore, a strain of BCG that secretes high levels of functional MCP-3 displayed improved immunogenicity and enhanced antigen-specific T cell responses (25). Similar to IP-10, increased MCP-3 levels during active TB likely contribute to enhanced cellular responses and faster bacterial clearance. In addition to its previously identified role as a biomarker of active pulmonary TB (26–28), we found that increased IL-6 expression at active disease is significantly associated with faster bacterial clearance. IL-6, a pleiotropic proinflammatory cytokine, plays an important role in generation of T and B cell responses. Importantly, IL-6 is known to play an important role in protective host immune responses to TB (29, 30) and is essential for generating Th1 cellular responses considered central for MTB control (31). In addition to IL-6 and IP-10, IL-1RA and IL-1α demonstrated an association with shorter time to culture conversion in HIV-infected individuals. IL-1α is an important immunoregulatory cytokine that depending on the magnitude of stress or damage caused by the infection can initiate an inflammatory response or reparative fibrosis (32). IL-1RA is a member of IL-1 family that binds to the IL-1 receptor but does not induce a response (33); its expression is upregulated by inflammatory cytokines including IL-1α and IL-6 as an anti-inflammatory control mechanism (34, 35). IL-1 and IL-1R were shown to be critical for host resistance to MTB (36, 37), while IL-1RA was shown to be a marker of TB disease activity (38, 39). While some of the markers seem to be affected by HIV infection, IL-6 levels are correlated with overall shorter time to culture conversion in both patient groups. Overall, our data shows that the magnitude and nature of inflammatory cytokine expression during active TB disease can be indicative of more efficient cellular response and host’s ability to clear the infection.

Pulmonary cavitation, a hallmark of pulmonary TB, is associated with high bacterial burden and subsequent increase in inflammatory response. Additionally, the host immune response is thought to drive the development of TB cavities (40). Our results indicate that increased plasma IL-6 and IL-1RA levels are associated with cavitary disease in both HIV-infected and uninfected TB patients. Elevated concentrations of both IL-6 (41) and IL-1RA in bronchoalveolar lavage (BAL) fluid were previously found to be associated with tissue necrosis and resulting cavity formation in patients with active pulmonary TB (42). Associations of IL-6 and IL-1RA with bacterial clearance and disease severity (measured by lung cavitation) highlight the dual nature of the host immune response to infections; while immune activation is required for successful pathogen clearance and initiation of protective cellular responses it can also contribute to immune mediated lung pathology and worsened disease outcome.

We observed no clear dose response between, measured plasma cytokines/chemokines and bacterial burden as measured by smear grades. Sputum acid fast bacilli provides an indication of bacillary load and is most often used to monitor TB patients in resource limited settings; however, this method does not distinguish live and dead organisms, has low sensitivity and the specificity predicting treatment failure or relapse is modest (2, 43, 44).

Our study has several limitations, including a relatively small sample size and a clinically complex cohort of patients requiring correction for a wide range of covariates. Future studies should examine cellular phenotypes in order to link the observed inflammatory responses with protective cellular responses to MTB. Our study was focused on drug susceptible TB and future research should also assess immune biomarkers in drug-resistant TB as host immune responses are known to vary between different MTB isolates (45–49). Our study additionally demonstrates that the identified inflammatory markers of disease have low predicative power when considered on their own, with AUC values ranging from 0.56 – 0.65 (Supplementary Figure 2). The associations we observed were stronger in the multivariable models highlighting the important effect of other behavioural and clinical variables on the expression of immune markers and their potential confounding effects on TB outcome (50–55).

In summary, our study confirms the importance of inflammatory markers, including IP-10 and IL-6, in TB disease pathogenesis. Further studies are needed to confirm the utility of identified inflammatory markers in TB management. The development and progression of TB disease are influenced by combined effects of various immune as well as behavioural and clinical variables that will have to be considered when utilising immune biomarkers as predictors of risk or protection.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author.



Ethics Statement

The studies involving human participants were reviewed and approved by Biomedical Research Ethics Committee, University of KwaZulu-Natal. The patients/participants provided their written informed consent to participate in this study.



Author Contributions

AS, KN, and SR conceptualized and designed the study. SR and AS performed the experiments. SR, AS, LL, and KN analyzed the data. SN, AS, and KN wrote the manuscript. AS, KN, NS, RH-M, DG, TS, and NP supervised clinical and/or experimental aspects of the study. All authors contributed to the article and approved the submitted version.



Funding

Research reported in this publication was supported by the Strategic Health Innovation Partnerships (SHIP) Unit of the South African Medical Research Council with funds received from the South African Department of Science and Technology and by the European and Developing Countries Clinical Trials Partnership (EDCTP) (TA.2011.40200.044). SR was supported by the National Research Foundation (Grant Number: 108038). Any opinion, finding, and conclusion or recommendations expressed in this material is that of the author and the NRF does not accept liability in this regard. AS is supported by EDCTP Career Development Fellowship (TMA2016CDF-1582) and NP is supported by EDCTP Senior Fellowship (TMA2018SF-2467).



Acknowledgments

The authors would like to thank all of research participants and the staff at CAPRISA for their dedication to these studies.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2021.641065/full#supplementary-material



References

1. WHO Publication. Global Tuberculosis Report 2020 (2020). Available at: https://www.who.int/tb/publications/global_report/en/ (Accessed October 26, 2020).

2. Horne, DJ, Royce, SE, Gooze, L, Narita, M, Hopewell, PC, Nahid, P, et al. Sputum monitoring during tuberculosis treatment for predicting outcome: systematic review and meta-analysis. Lancet Infect Dis (2010) 10(6):387–94. doi: 10.1016/S1473-3099(10)70071-2

3. Jo, EK, Park, JK, and Dockrell, HM. Dynamics of cytokine generation in patients with active pulmonary tuberculosis. Curr Opin Infect Dis (2003) 16(3):205–10. doi: 10.1097/00001432-200306000-00004

4. Mihret, A, Bekele, Y, Bobosha, K, Kidd, M, Aseffa, A, Howe, R, et al. Plasma cytokines and chemokines differentiate between active disease and non-active tuberculosis infection. J Infect (2013) 66(4):357–65. doi: 10.1016/j.jinf.2012.11.005

5. Kumar, NP, Moideen, K, Banurekha, VV, Nair, D, and Babu, S. Plasma Proinflammatory Cytokines Are Markers of Disease Severity and Bacterial Burden in Pulmonary Tuberculosis. Open Forum Infect Dis (2019) 6(7):ofz257. doi: 10.1093/ofid/ofz257

6. Kumar, NP, Moideen, K, Nancy, A, Viswanathan, V, Shruthi, BS, Sivakumar, S, et al. Plasma chemokines are biomarkers of disease severity, higher bacterial burden and delayed sputum culture conversion in pulmonary tuberculosis. Sci Rep (2019) 9(1):18217. doi: 10.1038/s41598-019-54803-w

7. Sivro, A, McKinnon, LR, Yende-Zuma, N, Gengiah, S, Samsunder, N, Abdool Karim, SS, et al. Plasma Cytokine Predictors of Tuberculosis Recurrence in Antiretroviral-Treated Human Immunodeficiency Virus-infected Individuals from Durban, South Africa. Clin Infect Dis (2017) 65(5):819–26. doi: 10.1093/cid/cix357

8. Skogmar, S, Schon, T, Balcha, TT, Sturegard, E, Jansson, M, and Bjorkman, P. Plasma Levels of Neopterin and C-Reactive Protein (CRP) in Tuberculosis (TB) with and without HIV Coinfection in Relation to CD4 Cell Count. PloS One (2015) 10(12):e0144292. doi: 10.1371/journal.pone.0144292

9. Wyndham-Thomas, C, Corbiere, V, Selis, E, Payen, MC, Goffard, JC, Van Vooren, JP, et al. Immune Activation by Mycobacterium tuberculosis in HIV-Infected and -Uninfected Subjects. J Acquir Immune Defic Syndr (2017) 74(1):103–11. doi: 10.1097/QAI.0000000000001157

10. Perumal, R, Padayatchi, N, Yende-Zuma, N, Naidoo, A, Govender, D, and Naidoo, K. A Moxifloxacin-based Regimen for the Treatment of Recurrent, Drug-sensitive Pulmonary Tuberculosis: An Open-label, Randomized, Controlled Trial. Clin Infect Dis (2020) 70(1):90–8. doi: 10.1093/cid/ciz152

11. Rieder, HL, Van Deun, A, Kam, KM, Kim, SJ, Chonde, TM, Trébucq, A, et al. Table II.3. Grading scales for bright field (Ziehl-Neelsen) and fluorescence microscopy, Priorities for Tuberculosis Bacteriology Services in Low-income countries. 2nd. International Union Against Tuberculosis and Lung Disease (2007).

12. Cannas, A, Calvo, L, Chiacchio, T, Cuzzi, G, Vanini, V, Lauria, FN, et al. IP-10 detection in urine is associated with lung diseases. BMC Infect Dis (2010) 10:333. doi: 10.1186/1471-2334-10-333

13. Azzurri, A, Sow, OY, Amedei, A, Bah, B, Diallo, S, Peri, G, et al. IFN-gamma-inducible protein 10 and pentraxin 3 plasma levels are tools for monitoring inflammation and disease activity in Mycobacterium tuberculosis infection. Microbes Infect (2005) 7(1):1–8. doi: 10.1016/j.micinf.2004.09.004

14. Su, WL, Perng, WC, Huang, CH, Yang, CY, Wu, CP, and Chen, JH. Association of reduced tumor necrosis factor alpha, gamma interferon, and interleukin-1beta (IL-1beta) but increased IL-10 expression with improved chest radiography in patients with pulmonary tuberculosis. Clin Vaccine Immunol (2010) 17(2):223–31. doi: 10.1128/CVI.00381-09

15. Riou, C, Perez Peixoto, B, Roberts, L, Ronacher, K, Walzl, G, Manca, C, et al. Effect of standard tuberculosis treatment on plasma cytokine levels in patients with active pulmonary tuberculosis. PloS One (2012) 7(5):e36886. doi: 10.1371/journal.pone.0036886

16. Petrone, L, Bondet, V, Vanini, V, Cuzzi, G, Palmieri, F, Palucci, I, et al. First description of agonist and antagonist IP-10 in urine of patients with active TB. Int J Infect Dis (2019) 78:15–21. doi: 10.1016/j.ijid.2018.09.001

17. Blauenfeldt, T, Petrone, L, Del Nonno, F, Baiocchini, A, Falasca, L, Chiacchio, T, et al. Interplay of DDP4 and IP-10 as a Potential Mechanism for Cell Recruitment to Tuberculosis Lesions. Front Immunol (2018) 9:1456. doi: 10.3389/fimmu.2018.01456

18. Walzl, G, Ronacher, K, Hanekom, W, Scriba, TJ, and Zumla, A. Immunological biomarkers of tuberculosis. Nat Rev Immunol (2011) 11(5):343–54. doi: 10.1038/nri2960

19. Liu, M, Guo, S, Hibbert, JM, Jain, V, Singh, N, Wilson, NO, et al. CXCL10/IP-10 in infectious diseases pathogenesis and potential therapeutic implications. Cytokine Growth Factor Rev (2011) 22(3):121–30. doi: 10.1016/j.cytogfr.2011.06.001

20. Palucci, I, Battah, B, Salustri, A, De Maio, F, Petrone, L, Ciccosanti, F, et al. IP-10 contributes to the inhibition of mycobacterial growth in an ex vivo whole blood assay. Int J Med Microbiol (2019) 309(5):299–306. doi: 10.1016/j.ijmm.2019.05.005

21. Sutherland, JS, Mendy, J, Gindeh, A, Walzl, G, Togun, T, Owolabi, O, et al. Use of lateral flow assays to determine IP-10 and CCL4 levels in pleural effusions and whole blood for TB diagnosis. Tuberc (Edinb) (2016) 96:31–6. doi: 10.1016/j.tube.2015.10.011

22. Hoel, IM, Jorstad, MD, Marijani, M, Ruhwald, M, Mustafa, T, and Dyrhol-Riise, AM. IP-10 dried blood spots assay monitoring treatment efficacy in extrapulmonary tuberculosis in a low-resource setting. Sci Rep (2019) 9(1):3871. doi: 10.1038/s41598-019-40458-0

23. Tonby, K, Ruhwald, M, Kvale, D, and Dyrhol-Riise, AM. IP-10 measured by Dry Plasma Spots as biomarker for therapy responses in Mycobacterium Tuberculosis infection. Sci Rep (2015) 5:9223. doi: 10.1038/srep09223

24. Vouret-Craviari, V, Cenzuales, S, Poli, G, and Mantovani, A. Expression of monocyte chemotactic protein-3 in human monocytes exposed to the mycobacterial cell wall component lipoarabinomannan. Cytokine (1997) 9(12):992–8. doi: 10.1006/cyto.1997.0242

25. Ryan, AA, Spratt, JM, Britton, WJ, and Triccas, JA. Secretion of functional monocyte chemotactic protein 3 by recombinant Mycobacterium bovis BCG attenuates vaccine virulence and maintains protective efficacy against M. Tuberc Infect Infect Immun (2007) 75(1):523–6. doi: 10.1128/IAI.00897-06

26. Anbarasu, D, Raja, CP, and Raja, A. Multiplex analysis of cytokines/chemokines as biomarkers that differentiate healthy contacts from tuberculosis patients in high endemic settings. Cytokine (2013) 61(3):747–54. doi: 10.1016/j.cyto.2012.12.031

27. Phalane, KG, Kriel, M, Loxton, AG, Menezes, A, Stanley, K, van der Spuy, GD, et al. Differential expression of host biomarkers in saliva and serum samples from individuals with suspected pulmonary tuberculosis. Mediators Inflammation (2013) 2013:981984. doi: 10.1155/2013/981984

28. Zambuzi, FA, Cardoso-Silva, PM, Espindola, MS, Soares, LS, Galvao-Lima, LJ, Brauer, VS, et al. Identification of promising plasma immune biomarkers to differentiate active pulmonary tuberculosis. Cytokine (2016) 88:99–107. doi: 10.1016/j.cyto.2016.08.030

29. Martinez, AN, Mehra, S, and Kaushal, D. Role of interleukin 6 in innate immunity to Mycobacterium tuberculosis infection. J Infect Dis (2013) 207(8):1253–61. doi: 10.1093/infdis/jit037

30. Ladel, CH, Blum, C, Dreher, A, Reifenberg, K, Kopf, M, and Kaufmann, SH. Lethal tuberculosis in interleukin-6-deficient mutant mice. Infect Immun (1997) 65(11):4843–9. doi: 10.1128/IAI.65.11.4843-4849.1997

31. Leal, IS, Smedegard, B, Andersen, P, and Appelberg, R. Interleukin-6 and interleukin-12 participate in induction of a type 1 protective T-cell response during vaccination with a tuberculosis subunit vaccine. Infect Immun (1999) 67(11):5747–54. doi: 10.1128/IAI.67.11.5747-5754.1999

32. Di Paolo, NC, and Shayakhmetov, DM. Interleukin 1α and the inflammatory process. Nat Immunol (2016) 17(8):906–13. doi: 10.1038/ni.3503

33. Arend, WP, Malyak, M, Guthridge, CJ, and Gabay, C. Interleukin-1 receptor antagonist: role in biology. Annu Rev Immunol (1998) 16:27–55. doi: 10.1146/annurev.immunol.16.1.27

34. Tilg, H, Trehu, E, Atkins, MB, Dinarello, CA, and Mier, JW. Interleukin-6 (IL-6) as an anti-inflammatory cytokine: induction of circulating IL-1 receptor antagonist and soluble tumor necrosis factor receptor p55. Blood (1994) 83(1):113–8. doi: 10.1182/blood.V83.1.113.bloodjournal831113

35. Bargetzi, MJ, Lantz, M, Smith, CG, Torti, FM, Olsson, I, Eisenberg, SP, et al. Interleukin-1 beta induces interleukin-1 receptor antagonist and tumor necrosis factor binding protein in humans. Cancer Res (1993) 53(17):4010–3.

36. Mayer-Barber, KD, Andrade, BB, Barber, DL, Hieny, S, Feng, CG, Caspar, P, et al. Innate and adaptive interferons suppress IL-1alpha and IL-1beta production by distinct pulmonary myeloid subsets during Mycobacterium tuberculosis infection. Immunity (2011) 35(6):1023–34. doi: 10.1016/j.immuni.2011.12.002

37. Guler, R, Parihar, SP, Spohn, G, Johansen, P, Brombacher, F, and Bachmann, MF. Blocking IL-1alpha but not IL-1beta increases susceptibility to chronic Mycobacterium tuberculosis infection in mice. Vaccine (2011) 29(6):1339–46. doi: 10.1016/j.vaccine.2010.10.045

38. Juffermans, NP, Verbon, A, van Deventer, SJ, van Deutekom, H, Speelman, P, and van der Poll, T. Tumor necrosis factor and interleukin-1 inhibitors as markers of disease activity of tuberculosis. Am J Respir Crit Care Med (1998) 157(4 Pt 1):1328–31. doi: 10.1164/ajrccm.157.4.9709126

39. Ji, DX, Yamashiro, LH, Chen, KJ, Mukaida, N, Kramnik, I, Darwin, KH, et al. Type I interferon-driven susceptibility to Mycobacterium tuberculosis is mediated by IL-1Ra. Nat Microbiol (2019) 4(12):2128–35. doi: 10.1038/s41564-019-0578-3

40. Ong, CW, Elkington, PT, and Friedland, JS. Tuberculosis, pulmonary cavitation, and matrix metalloproteinases. Am J Respir Crit Care Med (2014) 190(1):9–18. doi: 10.1164/rccm.201311-2106PP

41. Casarini, M, Ameglio, F, Alemanno, L, Zangrilli, P, Mattia, P, Paone, G, et al. Cytokine levels correlate with a radiologic score in active pulmonary tuberculosis. Am J Respir Crit Care Med (1999) 159(1):143–8. doi: 10.1164/ajrccm.159.1.9803066

42. Tsao, TC, Hong, J, Li, LF, Hsieh, MJ, Liao, SK, and Chang, KS. Imbalances between tumor necrosis factor-alpha and its soluble receptor forms, and interleukin-1beta and interleukin-1 receptor antagonist in BAL fluid of cavitary pulmonary tuberculosis. Chest (2000) 117(1):103–9. doi: 10.1378/chest.117.1.103

43. Hamid Salim, A, Aung, KJ, Hossain, MA, and Van Deun, A. Early and rapid microscopy-based diagnosis of true treatment failure and MDR-TB. Int J Tuberc Lung Dis (2006) 10(11):1248–54.

44. Datta, S, Sherman, JM, Bravard, MA, Valencia, T, Gilman, RH, and Evans, CA. Clinical evaluation of tuberculosis viability microscopy for assessing treatment response. Clin Infect Dis (2015) 60(8):1186–95. doi: 10.1093/cid/ciu1153

45. Manca, C, Tsenova, L, Barry, CE,3, Bergtold, A, Freeman, S, Haslett, PA, et al. Mycobacterium tuberculosis CDC1551 induces a more vigorous host response in vivo and in vitro, but is not more virulent than other clinical isolates. J Immunol (1999) 162(11):6740–6.

46. Tsenova, L, Ellison, E, Harbacheuski, R, Moreira, AL, Kurepina, N, Reed, MB, et al. Virulence of selected Mycobacterium tuberculosis clinical isolates in the rabbit model of meningitis is dependent on phenolic glycolipid produced by the bacilli. J Infect Dis (2005) 192(1):98–106. doi: 10.1086/430614

47. Manca, C, Tsenova, L, Bergtold, A, Freeman, S, Tovey, M, Musser, JM, et al. Virulence of a Mycobacterium tuberculosis clinical isolate in mice is determined by failure to induce Th1 type immunity and is associated with induction of IFN-alpha /beta. Proc Natl Acad Sci U.S.A. (2001) 98(10):5752–7. doi: 10.1073/pnas.091096998

48. Manca, C, Tsenova, L, Freeman, S, Barczak, AK, Tovey, M, Murray, PJ, et al. Hypervirulent M. tuberculosis W/Beijing strains upregulate type I IFNs and increase expression of negative regulators of the Jak-Stat pathway. J Interferon Cytokine Res (2005) 25(11):694–701. doi: 10.1089/jir.2005.25.694

49. Geffner, L, Yokobori, N, Basile, J, Schierloh, P, Balboa, L, Romero, MM, et al. Patients with multidrug-resistant tuberculosis display impaired Th1 responses and enhanced regulatory T-cell levels in response to an outbreak of multidrug-resistant Mycobacterium tuberculosis M and Ra strains. Infect Immun (2009) 77(11):5025–34. doi: 10.1128/IAI.00224-09

50. Stapleton, RD, Dixon, AE, Parsons, PE, Ware, LB, Suratt, BT, and Network NARDS. The association between BMI and plasma cytokine levels in patients with acute lung injury. Chest (2010) 138(3):568–77. doi: 10.1378/chest.10-0014

51. Wang, T, and He, C. Pro-inflammatory cytokines: The link between obesity and osteoarthritis. Cytokine Growth Factor Rev (2018) 44:38–50. doi: 10.1016/j.cytogfr.2018.10.002

52. Crews, FT, Bechara, R, Brown, LA, Guidot, DM, Mandrekar, P, Oak, S, et al. Cytokines and alcohol. Alcohol Clin Exp Res (2006) 30(4):720–30. doi: 10.1111/j.1530-0277.2006.00084.x

53. Chen, H, Cowan, MJ, Hasday, JD, Vogel, SN, and Medvedev, AE. Tobacco smoking inhibits expression of proinflammatory cytokines and activation of IL-1R-associated kinase, p38, and NF-kappaB in alveolar macrophages stimulated with TLR2 and TLR4 agonists. J Immunol (2007) 179(9):6097–106. doi: 10.4049/jimmunol.179.9.6097

54. Klein, SL, and Flanagan, KL. Sex differences in immune responses. Nat Rev Immunol (2016) 16(10):626–38. doi: 10.1038/nri.2016.90

55. Yu, T, Li, J, and Ma, S. Adjusting confounders in ranking biomarkers: a model-based ROC approach. Brief Bioinform (2012) 13(5):513–23. doi: 10.1093/bib/bbs008



Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

The handling editor declared a past co-authorship with one of the authors TS.

Copyright © 2021 Rambaran, Naidoo, Lewis, Hassan-Moosa, Govender, Samsunder, Scriba, Padayatchi and Sivro. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 19 April 2021

doi: 10.3389/fimmu.2021.641378

[image: image2]


Lymphocyte Non-Specific Function Detection Facilitating the Stratification of Mycobacterium tuberculosis Infection


Ying Luo 1, Ying Xue 2, Yimin Cai 3, Qun Lin 1, Guoxing Tang 1, Huijuan Song 1, Wei Liu 1, Liyan Mao 1, Xu Yuan 1, Yu Zhou 4, Weiyong Liu 1*, Shiji Wu 1*, Ziyong Sun 1* and Feng Wang 1*


1 Department of Laboratory Medicine, Tongji Hospital, Tongji Medical College, Huazhong University of Science and Technology, Wuhan, China, 2 Department of Immunology, School of Basic Medicine, Tongji Medical College, Huazhong University of Science and Technology, Wuhan, China, 3 Department of Epidemiology and Biostatistics, Key Laboratory of Environmental Health of Ministry of Education, School of Public Health, Tongji Medical College, Huazhong University of Science and Technology, Wuhan, China, 4 Department of Laboratory Medicine, Zhejiang Provincial People’s Hospital, People’s Hospital of Hangzhou Medical College, Hangzhou, China




Edited by: 
Christof Geldmacher, University of Munich, Germany

Reviewed by: 
Carmen Judith Serrano, Mexican Social Security Institute (IMSS), Mexico

Virginie ROZOT, South African Tuberculosis Vaccine Initiative SATVI, South Africa

Catherine Riou, University of Cape Town, South Africa

*Correspondence: 
Weiyong Liu
 weiyongliu@gmail.com
 Shiji Wu
 wilson547@163.com
 Ziyong Sun
 zysun@tjh.tjmu.edu.cn
 Feng Wang
 fengwang@tjh.tjmu.edu.cn

Specialty section: 
 This article was submitted to Microbial Immunology, a section of the journal Frontiers in Immunology


Received: 14 December 2020

Accepted: 23 March 2021

Published: 19 April 2021

Citation:
Luo Y, Xue Y, Cai Y, Lin Q, Tang G, Song H, Liu W, Mao L, Yuan X, Zhou Y, Liu W, Wu S, Sun Z and Wang F (2021) Lymphocyte Non-Specific Function Detection Facilitating the Stratification of Mycobacterium tuberculosis Infection. Front. Immunol. 12:641378. doi: 10.3389/fimmu.2021.641378




Background

Inadequate tuberculosis (TB) diagnostics, especially for discrimination between active TB (ATB) and latent TB infection (LTBI), are major hurdle in the reduction of the disease burden. The present study aims to investigate the role of lymphocyte non-specific function detection for TB diagnosis in clinical practice.



Methods

A total of 208 participants including 49 ATB patients, 64 LTBI individuals, and 95 healthy controls were recruited at Tongji hospital from January 2019 to October 2020. All subjects were tested with lymphocyte non-specific function detection and T-SPOT assay.



Results

Significantly positive correlation existed between lymphocyte non-specific function and phytohemagglutinin (PHA) spot number. CD4+ T cell non-specific function showed the potential for differentiating patients with negative T-SPOT results from those with positive T-SPOT results with an area under the curve (AUC) of 0.732 (95% CI, 0.572-0.893). The non-specific function of CD4+ T cells, CD8+ T cells, and NK cells was found significantly lower in ATB patients than in LTBI individuals. The AUCs presented by CD4+ T cell non-specific function, CD8+ T cell non-specific function, and NK cell non-specific function for discriminating ATB patients from LTBI individuals were 0.845 (95% CI, 0.767-0.925), 0.770 (95% CI, 0.683-0.857), and 0.691 (95% CI, 0.593-0.789), respectively. Application of multivariable logistic regression resulted in the combination of CD4+ T cell non-specific function, NK cell non-specific function, and culture filtrate protein-10 (CFP-10) spot number as the optimally diagnostic model for differentiating ATB from LTBI. The AUC of the model in distinguishing between ATB and LTBI was 0.939 (95% CI, 0.898-0.981). The sensitivity and specificity were 83.67% (95% CI, 70.96%-91.49%) and 90.63% (95% CI, 81.02%-95.63%) with the threshold as 0.57. Our established model showed superior performance to TB-specific antigen (TBAg)/PHA ratio in stratifying TB infection status.



Conclusions

Lymphocyte non-specific function detection offers an attractive alternative to facilitate TB diagnosis. The three-index diagnostic model was proved to be a potent tool for the identification of different events involved in TB infection, which is helpful for the treatment and management of patients.
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Introduction

Tuberculosis (TB) is a major public issue caused by Mycobacterium tuberculosis (MTB) infection, with around 10 million cases and 1.4 million deaths in 2019 reported by World Health Organization (1). It is estimated that one-quarter population were during latent TB infection (LTBI) and 5-10% of these individuals would progress to active TB (ATB) during their life (2, 3). The stratification of TB infection is required for proposed TB control strategies that focus on timely treatment to reduce risk for disease progression in order to diminish MTB transmission (4). However, the current challenge still includes the lack of effective approach for discrimination between ATB and other status including LTBI. Novel and accurate diagnostic tests to identify active cases are urgently needed.

The diagnosis of ATB could be achieved by visualization of acid-fast bacilli by microscopy, mycobacterial culture, or molecular tests including GeneXpert MTB/RIF. Nevertheless, each approach has additional limitations, such as the poor sensitivity of microscopy, time-consuming of culture, the high cost of molecular tests (5). Even in the era of the GeneXpert MTB/RIF Ultra, challenge remains due to unsatisfactory sensitivity for clinical requirement (6, 7), which highlights the fact that better diagnostics might have to be achieved based on host factors rather than pathogen detection. However, the current use of blood-based available immunological tests including T-SPOT.TB (T-SPOT) and QuantiFERON-TB Gold In-Tube (QFT-GIT) was limited by their poor ability to reliably stratify ATB from LTBI especially in TB endemic areas (8, 9). Recent advances have been developed in blood signatures including transcriptome (10), proteome (11), genome (12), metabolome (13), cytokines (14, 15), and markers on immune cells (16, 17) for identifying ATB, raising hopes for translation into available assays. However, due to the fact that the application of these emerging methods has not been verified with sufficient repetition and large sample size, the real diagnostic utility under actual clinical conditions remains unclear (18). Besides, some tests require complicated procedures or expensive equipment to carry out, which limits their potential use in many resource-poor settings (19). Therefore, successful application of these test faces many challenges in the pathway from discovery to final use.

Some studies have shown that poor immune status was one characteristic of ATB patients, suggesting that the evaluation of host immunity could be applied as a potential direction for TB diagnosis and monitoring (13, 20–22). Unfortunately, difficulties existed in host immunity evaluation of ATB patients due to the limitations of current tests such as lymphocyte subset analysis and the measurement of serum protein (23). These available methods could not fully reflect the immune status of host. Our team have previously developed lymphocyte non-specific function detection-a novel approach for evaluating host immunity based on phorbol-12-myristate-13-acetate (PMA)/ionomycin stimulation. And we have confirmed the performance of this method for host immunity evaluation in a variety of diseases including infection and autoimmune diseases (24, 25). Thus, it is worth considering whether lymphocyte non-specific function detection could be applied to diagnose TB. On the other hand, TB-specific antigen (TBAg)/phytohemagglutinin (PHA) ratio has been proposed as a potential diagnostic candidate for ATB by Wang and his colleague in recent years (26, 27). This simple calculation made it possible for T-SPOT to distinguish between ATB and LTBI by dividing the spot number of TBAg well by that of PHA well (28). However, the spot number of PHA well might be inaccurate in case of high value (29). Although our previous study showed that reducing the number of cells added to the PHA well could improve the accuracy of the results, this improvement requires an additional operation and might not be suitable for clinical application (30). Besides, TBAg/PHA ratio was helpless in identifying ATB with negative T-SPOT results due to its computational limitations. Several studies have demonstrated that the combination of multiple indicators could promote ATB diagnosis (31, 32). Accordingly, we speculate that the use of the combination of lymphocyte non-specific function (non-specific marker) and T-SPOT (TB-specific marker) has the potential to improve rapid differential diagnosis between ATB and LTBI. Consequently, we investigated the potential value of lymphocyte non-specific function detection and its combination with T-SPOT for determining MTB infection status by enrolling subjects with ATB and LTBI. We demonstrated the advantages of utilizing lymphocyte non-specific function detection for the analysis of patients with MTB infection.



Methods


Study Design

Adult participants aged 18 years or older were enrolled for performing T-SPOT assay and lymphocyte non-specific function detection at Tongji hospital from January 2019 to October 2020. Patients with ATB, individuals with LTBI, and healthy controls (HC) were identified and recruited based on laboratory and clinical evaluation. ATB was diagnosed by positive GeneXpert MTB/RIF or mycobacterial culture on sputum or bronchoalveolar lavage fluid with symptoms compatible of ATB including prolonged cough, chest pain, weakness or fatigue, weight loss, fever, and night sweats. Participants receiving anti-TB medication in two months prior to the enrollment were excluded from the analysis. LTBI was defined by a positive T-SPOT test without symptomatic, microbiological, or radiological evidences of ATB and history of TB. HC was defined by a negative T-SPOT test, while without any symptoms or signs of diseases. The laboratory scientists who performed the immunological and microbiological assays were blinded to the clinical data including disease status of participants. This study was reviewed and approved by the committee of Tongji hospital, Tongji Medical College, Huazhong University of Science and Technology.



Lymphocyte Non-Specific Function Assay

PMA/ionomycin-stimulated lymphocyte non-specific function assay was performed as described previously (24). The procedures are described in brief as following: (1) 100 µl of heparinized venous blood was diluted with 400 µl of IMDM medium; (2) the diluted sample was incubated in the presence of Leukocyte Activation Cocktail (Becton Dickinson GolgiPlug™) for 4 h; (3) the cells were labeled with antibodies (anti-CD45, anti-CD3, anti-CD4, anti-CD8, and anti-CD56) (BD Biosciences); (4) the cell were fixed and permeabilized; (5) the cells were stained with intracellular anti-interferon-gamma (IFN-γ) antibody (BD Biosciences); and (6) the cells were analyzed with FACSCanto flow cytometer. The percentages of IFN-γ+ cells in different cell subsets were defined as the non-specific function of them (Supplementary Figure 1) (e.g., the percentage of IFN-γ+ cells in CD3+CD4+CD8- cells was regarded as the non-specific function of CD4+ T cells; the percentage of IFN-γ+ cells in CD3+CD4-CD8+ cells was regarded as the non-specific function of CD8+ T cells; the percentage of IFN-γ+ cells in CD3-CD56+ cells was regarded as the non-specific function of NK cells). Given that the background is very low in the assay (the proportion of IFN-γ+ cells under 0.1%), we did not subtract the background when reporting lymphocyte non-specific function.



T-SPOT Assay

Heparin anticoagulated peripheral blood was collected and analyzed using T-SPOT assay (Oxford Immunotec, Oxford, UK) according to the manufacturer’s instructions. Briefly, peripheral blood mononuclear cells (PBMCs) were separated by Ficoll−Hypaque gradient centrifugation. Then, the isolated PBMCs (2.5 × 105) were added to 96-well plates precoated with antibody against IFN−γ. Four wells were used for each subject: medium well, early secreted antigenic target 6 (ESAT-6) well, culture filtrate protein 10 (CFP-10) well, and PHA well. Plates were incubated for 16-20 h at 37 C° with 5% CO2 and developed using an anti-IFN-γ antibody conjugate and substrate to detect the presence of secreted IFN-γ. Spot-forming cells (SFC) were counted with an automated enzyme−linked immunospot (ELISPOT) reader (CTL Analyzers, Cleveland, OH, USA). The test result was positive if ESAT-6 and/or CFP-10 spot number minus negative control spot number ≥ 6. The test result was negative if both ESAT-6 spot number minus negative control spot number and CFP-10 spot number minus negative control spot number ≤ 5. Results were considered undetermined if the spot number in the PHA well were < 20 or if spot number in the medium well were > 10. The ratio of ESAT-6 SFC to PHA SFC (ESAT-6/PHA ratio) and CFP-10 SFC to PHA SFC (CFP-10/PHA ratio) were calculated. The larger of the above two values was defined as the TBAg/PHA ratio of one participant.



Statistical Analysis

Continuous variables were expressed as means ± standards deviation (SD) or median (interquartile range). Categorical variables were expressed as number (%). Comparison was performed using Mann-Whitney U test for continuous variables and Chi-square test or Fisher’s exact test for categorical variables. All statistical tests were two sided. Statistical significance was considered when P < 0.05. For the identification of a diagnostic model, all variables with statistical significance were taken as candidates for multivariable logistic regression analyses, and the regression equation (diagnostic model) was obtained. The regression coefficients of the model were regarded as the weights for the respective variables, and a score for each participant was calculated. The performance of various indicators was evaluated by the receiver operating characteristic (ROC) curve analysis. Area under the curve (AUC), sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), positive likelihood ratio (PLR), negative likelihood ratio (NLR), and accuracy, together with their 95% confidence intervals (CI), were calculated. The AUCs were compared using the z statistic with the procedure of Delong et al. (33). Data were analyzed using SPSS version 25.0 (SPSS, Inc., Chicago, IL, USA), MedCalc version 11.6 (MedCalc, Mariakerke, Belgium), GraphPad Prism version 8 (GraphPad Software, San Diego, CA, USA), and R 4.0.2 program (R Core Team).




Results


Participants’ Characteristics

A total of 208 participants including 49 ATB patients, 64 LTBI individuals, and 95 HC were consecutively enrolled to the analysis. All included participants were HIV-negative. No difference was observed between ATB and LTBI in respect to the distribution of age and sex (Table 1). Among 49 patients diagnosed as ATB, 10 subjects had negative T-SPOT results, while the remaining 39 had positive T-SPOT results. Table 2 described the characteristics of ATB subjects with negative T-SPOT results and those with positive T-SPOT results. There was no evidence of difference in the distribution of genders and underling diseases between the groups.


Table 1 | Demographic and clinical characteristics of included subjects.




Table 2 | Demographic and clinical characteristics of ATB patients with negative and positive T-SPOT results.





The Correlation Between PHA Spot Number and Lymphocyte Non-Specific Function

We examined the correlation between PHA spot number and lymphocyte non-specific function. It was observed that significantly positive correlation existed between PHA spot number and CD4+ T cell non-specific function (r=0.410, P<0.001), CD8+ T cell non-specific function (r=0.296, P<0.001), and NK cell non-specific function (r=0.326, P<0.001) (Figure 1A). Furthermore, we stratified PHA spot number and found the trend that lymphocyte non-specific function increased with the increasing PHA spot number (Figures 1B, C).




Figure 1 |  The relationship between PHA spot number and lymphocyte non-specific function. (A) Correlation between PHA spot number and non-specific function of CD4+ T cells, CD8+ T cells, and NK cells in 208 participants. Each symbol represents an individual donor. (B) Scatter plots showing the results of CD4+ T cell non-specific function, CD8+ T cell non-specific function, and NK cell non-specific function under different PHA spot number. Horizontal lines indicate the median. *P < 0.05; **P < 0.01; ***P < 0.001; ns, no significance (Mann-Whitney U test). (C) Flow plots showing the representative results of CD4+ T cell non-specific function, CD8+ T cell non-specific function, and NK cell non-specific function under different PHA spot number. PHA, phytohemagglutinin.





Lymphocyte Non-Specific Function for Identifying ATB With False-Negative T-SPOT Result

We compared lymphocyte non-specific function between ATB with negative T-SPOT result and those with positive T-SPOT result. It was found that CD4+ T cell non-specific function was significantly lower in patients with negative T-SPOT result than in those with positive T-SPOT results, while no significant difference presented in CD8+ T cell non-specific function and NK cell non-specific function between these two groups (Figure 2A). When comparing with HC, the lymphocyte non-specific function of ATB was significantly lower regardless of T-SPOT results (Figure 2A). Besides, there was no significant difference between the two groups in PHA spot number (Figure 2B). Further ROC curve analysis showed that CD4+ T cell non-specific function had an AUC of 0.732 (95% CI, 0.572-0.893) for discriminating negative T-SPOT results from positive T-SPOT results among ATB patients (Figure 2C).




Figure 2 | Lymphocyte non-specific function detection for identifying ATB patients with false-negative T-SPOT result. (A) Scatter plots showing the results of lymphocyte non-specific function in ATB with negative T-SPOT result (n=10),ATB with positive T-SPOT result (n=39) and HC (n=95). Bars indicated the medians and interquartile ranges. *P < 0.05; **P < 0.01; ***P < 0.001; ns, no significance (Mann-Whitney U test). (B) Scatter plots showing PHA spot number in ATB with negative T-SPOT result (n=10), ATB with positive T-SPOT result (n=39) and HC (n=95). Bars indicated the medians and interquartile ranges. ***P < 0.001; ns, no significance (Mann-Whitney U test). (C) ROC analysis showing the performance of CD4+ T cell non-specific function, CD8+ T cell non-specific function, NK cell non-specific function, and PHA spot number in distinguishing ATB patients with negative T-SPOT result from those with positive T-SPOT result. ATB, active tuberculosis; HC, healthy controls; PHA, phytohemagglutinin; ROC, receiver operating characteristic; AUC, area under the curve; CI, confidence interval.





Lymphocyte Non-Specific Function for Distinguishing Between ATB and LTBI

We compared lymphocyte non-specific function between ATB patients and LTBI individuals. It was found that the non-specific function of CD4+ T cells, CD8+ T cells, and NK cells was significantly lower in patients diagnosed with ATB than those with LTBI (Figure 3A). While no significant difference was observed in lymphocyte non-specific function between LTBI and HC (Figure 3A). And then we performed ROC curve analysis. The results of the diagnostic accuracy of lymphocyte non-specific function in distinguishing ATB from LTBI were shown in Figure 3B. The AUCs presented by CD4+ T cell non-specific function, CD8+ T cell non-specific function, and NK cell non-specific function were 0.845 (95% CI, 0.767-0.925), 0.770 (95% CI, 0.683-0.857), 0.691 (95% CI, 0.593-0.789) respectively (Figure 3B, Table 3). Concretely, when 11.7% was used as the threshold, the sensitivity and specificity of CD4+ T cell non-specific function for distinguishing ATB from LTBI was 61.22% (95% CI, 47.25%-73.57%) and 90.63% (95% CI, 81.02%-95.63%), respectively. The cutoff value of 41.6% for CD8+ T cell non-specific function showed a sensitivity of 46.94% (95% CI, 33.70%-60.62%) and specificity of 90.63% (95% CI, 81.02%-95.63%). The sensitivity and specificity for NK cell non-specific function were 28.57% (95% CI, 17.85%-42.41%) and 90.63% (95% CI, 81.02%-95.63%) with the threshold as 61.7% (Table 3).




Figure 3 | Lymphocyte non-specific function detection for distinguishing between ATB and LTBI. (A) Scatter plots showing the results of CD4+ T cell non-specific function, CD8+ T cell non-specific function, and NK cell non-specific function in ATB patients (n=49), LTBI individuals (n=64), and HC (n=95). Bars indicated the medians and interquartile ranges. ***P < 0.001; ns, no significance (Mann-Whitney U test). (B) ROC analysis showing the performance of CD4+ T cell non-specific function, CD8+ T cell non-specific function, and NK cell non-specific function in discriminating ATB patients from LTBI individuals. ATB, active tuberculosis; LTBI, latent tuberculosis infection; HC, healthy controls; ROC, receiver operating characteristic; AUC, area under the curve; CI, confidence interval.




Table 3 | The performance of various indicators for distinguishing between ATB and LTBI.





Combination of Lymphocyte Non-Specific Function and T-SPOT for Differentiating ATB From LTBI

The comparison in T-SPOT between ATB and LTBI was performed. No difference was observed between ATB and LTBI in ESAT-6 spot number while CFP-10 spot number was significantly higher in ATB patients than that in LTBI individuals (Figure 4A). ROC curve analysis indicated limited performance for ESAT-6 spot number and CFP-10 spot number (Figure 4C). Given that the pattern of lymphocyte non-specific function was inverse to that observed by T-SPOT between ATB and LTBI, we predicted that the combination of these two assays would be leveraged for improving the stratification of patient groups. Consequently, we calculated the ratio of ESAT-6, CFP-10, or TBAg spot number to lymphocyte non-specific function. We found the ratios were obviously higher in ATB patients than LTBI individuals (Figure 4B). However, the discriminatory power measured by the AUC presented lower than 0.75 for all ratios (Figure 4D). Nonetheless, further cluster analysis using heatmap and the overlap between lymphocyte non-specific function and T-SPOT assay still showed that the combination of these two assays might improve the diagnostic value (Figures 4E, F). To establish the diagnostic model based on a combination of the two approaches for distinguishing ATB from LTBI, all variables with statistical significance were used for multivariable logistic regression analysis. The diagnostic model in distinguishing ATB from LTBI were built as follows: P = 1/[1 + e-(0.039*CFP-10 spot number - 0.363*CD4+ T cell non-specific function - 0.052*NK cell non-specific function + 9.679)] P, predictive value; e, natural logarithm. The three-marker diagnostic model distinguished patients with ATB disease from those with LTBI with an AUC of 0.939 (95% CI, 0.898-0.981) and demonstrated a sensitivity and specificity of 83.67% (95% CI, 70.96%-91.49%) and 90.63% (95% CI, 81.02%-95.63%) respectively while using 0.57 as the threshold (Table 3, Figures 4G, H). Z tests between the ROC curves showed a significant improvement for the model compared to either lymphocyte non-specific function (CD4+ T cell non-specific function, P=0.011; CD8+ T cell non-specific function, P<0.001; NK cell non-specific function, P<0.001) or T-SPOT (ESAT-6 spot number, P<0.001; CFP-10 spot number, P<0.001).




Figure 4 | Combination of lymphocyte non-specific function and T-SPOT for differentiating ATB from LTBI. (A) Scatter plots showing the results of ESAT-6 spot number, CFP-10 spot number, and PHA spot number in ATB patients (n=49) and LTBI individuals (n=64). Bars indicated the medians and interquartile ranges. **P < 0.01; ***P < 0.001; ns, no significance (Mann-Whitney U test). (B) Scatter plots showing the ratio of MTB-specific antigen spot number/lymphocyte non-specific function in ATB patients (n=49) and LTBI individuals (n=64). Bars indicated the medians and interquartile ranges. *P < 0.05; ***P < 0.001; ns, no significance (Mann-Whitney U test). (C) ROC analysis showing the performance of ESAT-6 spot number and CFP-10 spot number in discriminating ATB patients from LTBI individuals. (D) ROC analysis showing the performance of MTB-specific antigen spot number/lymphocyte non-specific function in discriminating ATB patients from LTBI individuals. (E) Heatmap showing the cluster analysis of lymphocyte non-specific function and T-SPOT results in ATB patients (n=49) and LTBI individuals (n=64). Each rectangle indicates a result of a subject. (F) Venn diagrams showing the overlap of CD4+ T cell non-specific function, CD8+ T cell non-specific function, NK cell non-specific function, and CFP-10 spot number in ATB patients (n=49) and LTBI individuals (n=64). (G) Scatter plots showing the predictive value of diagnostic model in ATB patients (n=49) and LTBI individuals (n=64). Bars indicated the medians and interquartile ranges. ***P<0.001 (Mann-Whitney U test). Blue dotted line indicates the cutoff value in distinguishing these two groups. (H) ROC analysis showing the performance of diagnostic model based on the combination of CD4+ T cell non-specific function, NK cell non-specific function, and CFP-10 spot number in discriminating ATB patients from LTBI individuals. ESAT-6, early secreted antigenic target 6; CFP-10, culture filtrate protein 10; PHA, phytohemagglutinin; MTB, Mycobacterium tuberculosis; ATB, active tuberculosis; LTBI, latent tuberculosis infection; ROC, receiver operating characteristic; AUC, area under the curve; CI, confidence interval.





Comparison Between Diagnostic Model and TBAg/PHA Ratio for Discriminating ATB From LTBI

The value of TBAg/PHA ratio for distinguishing between ATB patients and LTBI individuals was also analyzed. ESAT-6/PHA ratio, CFP-10/PHA ratio, and TBAg/PHA ratio were found significantly higher in patients with ATB than individuals with LTBI (Figure 5A). Further ROC curve analysis showed that ESAT-6/PHA ratio, CFP-10/PHA ratio, and TBAg/PHA ratio had AUCs of 0.690 (95% CI, 0.583-0.799), 0.772 (95% CI, 0.676-0.869), and 0.749 (95% CI, 0.645-0.852) for discriminating ATB from LTBI, in comparison to 0.939 (95% CI, 0.898-0.981) for the diagnostic model (Table 4, Figure 5B). The AUC of diagnostic model was superior than those achieved for the individual ratios in T-SPOT (ESAT-6/PHA ratio, P<0.001; CFP-10/PHA ratio, P=0.001; TBAg/PHA ratio, P<0.001). In addition, we evaluated the utility of these indicators for discriminating ATB from LTBI among subjects with positive T-SPOT results. The diagnostic model presented an AUC of 0.935 (95% CI, 0.890-0.981), which was comparable to that obtained based on all patients previously (Figures 5C, E). While the performance of ESAT-6/PHA ratio, CFP-10/PHA ratio, and TBAg/PHA ratio was obviously increased. The AUCs of ESAT-6/PHA ratio, CFP-10/PHA ratio, and TBAg/PHA ratio were 0.815 (95% CI, 0.727-0.903), 0.899 (95% CI, 0.837-0.961), and 0.889 (95% CI, 0.827-0.952), respectively (Figures 5D, E). However, our established diagnostic model still showed superior or comparable performance compared to the ratios (ESAT-6/PHA ratio, P=0.017; CFP-10/PHA ratio, P=0.298; TBAg/PHA ratio P=0.219) (Table 5).




Figure 5 | Comparison between the diagnostic model and TBAg/PHA ratio for discriminating ATB from LTBI. (A) Scatter plots showing the values of ESAT-6/PHA ratio, CFP-10/PHA ratio, and TBAg/PHA ratio in ATB patients (n=49) and LTBI individuals (n=64). Bars indicated the medians and interquartile ranges. ***P < 0.001 (Mann-Whitney U test). (B) ROC analysis showing the performance of ESAT-6/PHA ratio, CFP-10/PHA ratio, TBAg/PHA ratio, and the diagnostic model in discriminating ATB patients from LTBI individuals. (C) Scatter plots showing the predictive value of diagnostic model in ATB patients with positive T-SPOT result (n=39) and LTBI individuals (n=64). Bars indicated the medians and interquartile ranges. ***P < 0.001 (Mann-Whitney U test). (D) Scatter plots showing the values of ESAT-6/PHA ratio, CFP-10/PHA ratio, and TBAg/PHA ratio in ATB patients with positive T-SPOT result (n=39) and LTBI individuals (n=64). Bars indicated the medians and interquartile ranges. ***P < 0.001 (Mann-Whitney U test). (E) ROC analysis showing the performance of ESAT-6/PHA ratio, CFP-10/PHA ratio, TBAg/PHA ratio, and the diagnostic model in discriminating ATB patients with positive T-SPOT result from LTBI individuals. ESAT-6, early secreted antigenic target 6; CFP-10, culture filtrate protein 10; PHA, phytohemagglutinin; TBAg, tuberculosis-specific antigen; ATB, active tuberculosis; LTBI, latent tuberculosis infection; ROC, receiver operating characteristic; AUC, area under the curve; CI, confidence interval.




Table 4 | The value of ESAT-6/PHA ratio, CFP-10/PHA ratio and TBAg/PHA ratio for discriminating ATB from LTBI.




Table 5 | The performance of various methods for differentiating ATB from LTBI in participants with positive T-SPOT results.






Discussion

The TB continues relentlessly, especially during the current global COVID-19 pandemic, killing more than other infection, while the progress being lagging behind other major infectious diseases (34–38). A fundamental issue with controlling the disease is the inadequacy of current available tests for stratification of status of MTB infection (39). Multiple disadvantages present including unsatisfactory sensitivity, high cost as well as reliance on complicated infrastructure. Novel approaches are needed to overcome the limitations of existing immunodiagnostic tests, including their inability for differentiating between ATB and LTBI.

There was rare study elucidating lymphocyte non-specific function detection for stratifying MTB infection. Our study benchmarked the value of lymphocyte non-specific function in the diagnosis of ATB for the first time. It was observed that CD4+ T cell non-specific function showed certain potential in identifying T-SPOT-negative ATB patients. Furthermore, we found that lymphocyte non-specific function detection including CD4+ T cell non-specific function, CD8+ T cell non-specific function, and NK cell non-specific function could be used to distinguish between ATB and LTBI. In view of the fact that the combination of multiple parameters may perform better than single parameter alone in many studies (20, 21, 40), we further successfully established a three-index diagnostic model that could discriminate ATB from LTBI with good utility based on the combination of lymphocyte non-specific function and T-SPOT assay. The diagnostic model based on the combination of CD4+ T cell non-specific function, NK cell non-specific function, and CFP-10 spot number established in the present study was 90.63% specific and identified 83.67% of ATB cases, indicating that it could be used as a rule-in ATB diagnostic test to allow rapid treatment initiation. Furthermore, we compared our established model with TBAg/PHA ratio-another TB diagnostic indicator reported in the previous studies and found that the diagnostic performance of our model was better than that of TBAg/PHA ratio.

Confirming previous reports, T-SPOT based on detection an immune response under TB-specific antigen stimulation could not stratify ATB and LTBI well (13, 41, 42). Only CFP-10 spot number showed certain potential for differential diagnosis of ATB and LTBI in the current study. We first analyzed the utility of the ratio of TB-specific antigen spot number to lymphocyte non-specific function in distinguishing ATB from LTBI, but unfortunately, no great effect was observed. However, we found the potential of the combination of lymphocyte non-specific function and T-SPOT in determining the status of TB infection through the analysis of Venn diagram and heatmap and we further successfully established a diagnostic model through multivariable logistic regression. TBAg/PHA ratio is a simple calculation based on T-SPOT assay itself. We compared its performance with the model we established in distinguishing ATB from LTBI and found that our model was significantly better than TBAg/PHA ratio. Notably, we observed that most of the previous studies targeted for the diagnostic performance of TBAg/PHA ratio were based on T-SPOT-positive subjects. Thus, the inclusion of T-SPOT-negative patients in our study would reduce the value of TBAg/PHA ratio. Therefore, we additionally compared the ability of two methods to differentiate ATB from LTBI in T-SPOT-positive patients. It was observed that the performance of the diagnostic model hardly changed while the performance of TBAg/PHA ratio was obviously increased. But the AUCs of CFP-10/PHA ratio and TBAg/PHA ratio were still lower than that of diagnostic model. These findings indicated the robustness and superiority of our established model.

An interesting question is why the combination of TBAg spot number and lymphocyte non-specific function is better than TBAg/PHA ratio in distinguishing ATB from LTBI. We think there are two reasons to explain this issue. First, lymphocyte non-specific function detection is better and more comprehensive than the number of PHA spots in reflecting host immunity. Although we found a significantly positive correlation between lymphocyte non-specific function and the number of PHA spots, the number of PHA spots signifies the broad-spectrum response of lymphocytes to PHA. In addition, the r values observed in the correlation between lymphocyte non-specific function and PHA spot number also reflected high variability among different patients. While lymphocyte non-specific function detection could reflect the ability of activation, chemotaxis, and cytotoxicity of lymphocytes (43). Second, lymphocyte non-specific function detection is more stable than the readout of PHA spot number. The counting of PHA spot number would have poor repeatability due to the experimental operation and inaccuracy in reading high values (29). On the contrary, our previous results showed that lymphocyte non-specific function detection was extremely stable (coefficients of variations within 5%) (24). Therefore, lymphocyte non-specific function is superior to PHA spot number, especially as a reproducible and widely accepted diagnostic indicator. Another question is why ESAT-6 spot number was not included to the diagnostic model. We think this may due to the significantly positive correlation between ESAT-6 spot number and CFP-10 spot number (Supplementary Figure 2). However, one kind of situation often occurs, that is, some patients only show ESAT-6 response. But our diagnostic model only included CFP-10 spot number. Therefore, we also established a model incorporating ESAT-6 spot number. We found the AUC produced by this model was similar to the former (Supplementary Figure 3).

Negative T-SPOT result in ATB was a common phenomenon (44, 45). Although some studies have explored the reasons for these negative results, this issue has not been fully explained. The occurrence of false-negative T-SPOT results in microbiologically confirmed ATB was generally considered to be partially caused by some host factors such as immunosuppression or malnutrition (44, 46). Nevertheless, due to the lack of uniform and reliable assessment methods for host immunity, most studies embodied this concept with the patient’s underlying diseases, age, or the number of lymphocytes (45–47). In this study, we introduced lymphocyte non-specific function to this field for the first time and discovered the potential of lymphocyte non-specific function represented by CD4+ T cell. It was undeniable that its value is limited with an AUC of only 0.72. But this may also indicate that the appearance of false-negative T-SPOT results is more likely to be caused by a variety of factors, such as the breadth of antigen coverage and defective cell response. Nonetheless, it might improve diagnostic accuracy when used in conjunction with other indicators. Further research targeted for multi-dimensional explanation need to be carried out.

Several limitations should be noticed in this study. First, given the relatively small sample size is an obvious caveat of our study, an independent cohort with larger population should be replicated in the future. Second, since both T-SPOT and flow cytometry were unusually used in TB-endemic setting with low income, the diagnostic model established in the present study might be not applicable in these areas. Nevertheless, our model could help validate other low-cost methods. Third, regarding that infection including HIV infection and COVID-19 might affect the IFN-γ secretion of lymphocyte, further investigation targeted for the influence of underlying conditions such as co-infection on lymphocyte non-specific function detection are needed in the future. Fourth, due to the requirement for elaborate procedures, expensive equipment, and well-trained personnel, the applicability of the model might be limited in clinical practice. Finally, since we did not dynamically monitor lymphocyte non-specific function during anti-TB treatment in the present study, further well-designed studies should be conducted to clarify the benefit and efficacy from lymphocyte non-specific function based immune monitoring.

In summary, our findings demonstrated the ability to classify ATB patients and LTBI individuals by detecting lymphocyte non-specific function and the potential advantages of combining lymphocyte non-specific function detection and T-SPOT for improving classification in MTB infection. Importantly, the detection of lymphocyte non-specific function not only plays a complementary diagnostic role, but may also provide advantages if further developed as an approach for immune monitoring and management in TB patients. Regarding that the numerous challenges still present in combating TB and critical need for better tools, our novel and adaptable lymphocyte non-specific function detection may support ongoing efforts in eliminating TB globally. The early diagnosis and guided initiation of anti-TB treatment brought by the present diagnostic model would help reduce transmission and mortality of the disease.
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Early secreted antigenic target of 6 kDa (ESAT-6) has recently been identified as a biomarker for the rapid diagnosis of tuberculosis. We propose a stable and reusable immunosensor for the early diagnosis of tuberculosis based on the detection and quantification of ESAT-6 via cyclic voltammetry (CV). The immunosensor was synthesized by polymerizing aniline dispersed with the reduced graphene oxide (rGO) and Ni nanoparticles, followed by surface modification of the electroconductive polyaniline (PANI) film with anti-ESAT-6 antibody. Physicochemical characterization of the prepared materials was performed by several analytical techniques, including FE-SEM, EDX, XRD, FT-IR, Raman, TGA, TPR, and BET surface area analysis. The antibody-modified Ni-rGO-PANI electrode exhibited an approximately linear response (R2 = 0.988) towards ESAT-6 during CV measurements over the potential range of -1 to +1 V. The lower detection limit for ESAT-6 was approximately 1.0 ng mL-1. The novelty of this study includes the development of the reusable Ni-rGO-PANI-based electrochemical immunosensor for the early diagnosis of tuberculosis. Furthermore, this study successfully demonstrates that electro-conductive PANI may be used as a polymeric substrate for Ni nanoparticles and rGO.
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Introduction

Tuberculosis (TB) is an airborne disease that can be transmitted through coughing, sneezing, laughing, and even talking (1). It is one of the leading causes of death in the world. The causative agent of tuberculosis is the Mycobacterium tuberculosis (Mtb) bacterium. Therefore, an early detection of Mtb is critical to preventing the spread of infection and to eradicating the disease.

Many traditional biochemical methods, including acid-fast staining, culturing, and colony counting have been used to detect tuberculosis. However, these methods are time-consuming, often inaccurate, and provide only qualitative data. In recent years, various transduction techniques have been developed using fiber optics, surface plasmon resonance, piezoelastics, and magnetoelastics. These techniques are rapid and accurate but too expensive to be used on a diagnostic level, especially in developing countries where the spread of Mtb is common (2–4).

In recent years, the development of electrochemical sensors to diagnose Mtb has drawn keen interest. Electrochemical sensors identify a biomarker using a suitable recognition element that is immobilized on a substrate. A change in the current response occurs when the recognition element interacts with biomarkers in the diagnostic fluid. In this context, poly L-lysine (5), antigen-specific antibodies (6–8), and DNA aptamers (9–12) have been successfully tested as the recognition elements. Although such sensors are accurate and fast, extraction of biomolecules (including DNA) from clinical samples is tedious and complex, requiring a sophisticated molecular laboratory to process samples collected from patients infected with tuberculosis. The preparation cost is also high, considering that DNA probes must be specifically grafted to the substrate (13–15).

Early secreted antigenic target of 6 kDa protein (ESAT-6) is the major virulence factor of Mycobacterium, which is secreted in the blood and sputum of infected persons. ESAT-6 is secreted only by the Mycobacterium pathogenic species. Thus, it is a potential biomarker for Mtb, whose detection can be rapid, specific, and accurate at all stages of the infection. It should be noted that the Mtb-infected sputum and blood also contain other proteins such as CPF-10 and antigen-85, but monoclonal antibodies are specific to their antigens, binding only through a specific epitope (16). A gold-plated screen-printed electrode (SPE) has been successfully immobilized with the anti ESAT-6 antibody as the recognition element for the Mtb biomarker at 7 ng mL-1 (17). The electrochemical sensor showed a good linearity (0.992) over the measured concentration range. However, the sensor was not tested for stability and reusability. Moreover, SPE is expensive, making production of the sensors cost-prohibitive.

Recent studies have demonstrated that the metal-reduced graphene oxide (rGO) composite-based sensors are capable of detecting various biomolecules such as cholesterol, creatinine, and glucose (18–21). Graphene-based materials also have some unique physicochemical properties such as adsorption, chemical stability, and amenability to surface functionalization, which can facilitate detection of a wide range of biomolecules (22, 23). Inclusion of the metal nanoparticles (NPs) such as Au, Ag, Cu, Co, and Ni in the electrode material increases the sensitivity and speed of the sensor, attributed to an increased direct electron transfer (24–32). However, Au and Ag are expensive metals. While Cu and Co are inexpensive, they display cytotoxicity and have unstable (transient) oxidation states. Ni is an inexpensive, non-toxic, and stable metal used for sensing applications. Further, polyaniline (PANI) is frequently used as a conductive material for many electrical and electronic applications (20, 33). Therefore, a composite of Ni, rGO, and PANI is a potential candidate for the electrode, and is the focus of the present study.

Here, we describe a cyclic voltammetry (CV)-based immunosensor using a Ni-rGO-PANI electrode that targets the ESAT-6 virulence factor of Mtb using the anti-ESAT-6 antibody as the recognition element. The developed sensor is capable of detecting ESAT-6 both qualitatively and quantitatively. To the authors’ knowledge, this is the first study that describes the Ni-rGO-PANI-based electrochemical immunosensor for the detection of Mtb infection at an early stage. Furthermore, the electroconductive PANI is used as the polymeric substrate for the Ni and rGO NPs, also for the first time. The prepared sensor is tested at different ESAT-6 concentrations and its performance is compared to published data, wherever possible.



Material and Methods


Chemicals and Reagents

ESAT-6 (Pro-291) and Ag85B (Pro-589) proteins were purchased from Prospec Protein Specialist (Germany). Anti-ESAT-6 monoclonal antibody (SC-57730) was purchased from Santa Cruz Biotechnology (Germany). Dithiobis (succinimidyl propionate) (DSP) was purchased from TCI chemicals (India). Graphite powder were purchased from S.D. Fine Chemical Ltd (India). 4-acetamidophenol (AP), glucose (Glu), uric acid (U), L-ascorbic acid (AA), creatinine (Cre), cholesterol (Chl), barbituric acid (BA), and L-glutamine (Glt) were purchased from Tata Chemicals, India. Bovine albumin serum (BSA), aniline monomer, ammonium persulfate ((NH4)2S2O8), disodium hydrogen phosphate (Na2HPO4), potassium dihydrogen phosphate (KH2PO4), nickel nitrate (NiNO3), hydrogen peroxide (H2O2), sodium chloride (NaCl),potassium permanganate (KMnO4), potassium chloride (KCl), hydrochloric acid (HCl), nitric acid (HNO3), and sulfuric acid (H2SO4) were purchased from Merck (Germany). The healthy human blood samples were collected from a clinical diagnostic laboratory, where Mycobacterium infection was already checked by culture plate method. The samples were declared (certified) free from any disease including Mycobacterium infection by the diagnostic laboratory. Zero-grade hydrogen (H2) and nitrogen (N2) gases were purchased from Sigma Gases (India). All solutions were prepared in Type 1 ultrapure water using the Elix Mili Q system (USA).



Synthesis of GO

The material was prepared from graphite powder by Hummers’ method with some modifications (34, 35). Briefly, 1 g of graphite powder, 0.75 g of sodium nitrate, and 37.5 mL of concentrated H2SO4 (98% w/w) were transferred to a 1 L conical flask. The flask was placed on an ice bath under stirred conditions using a magnetic stirrer. Approximately 4.5 g of KMnO4 was added slowly to the mixture. The mixture turned dark green. The solution was stirred for 2 h and then removed from the ice bath, and left at ~30°C under stirring for five days. The solution became viscous and turned dark brown. Approximately 100 mL of H2SO4 (5% w/w) was added to the solution. There was no change in color, indicating the formation of GO. The solution was stirred for another 2 h. Approximately 3 mL of 30% (w/w) H2O2 was added to the solution. The solution turned golden yellow. Stirring continued for 1 h. The solution was centrifuged at 3842 g for 20 min and the suspension was washed five times each with distilled water and 1 M HCl, and finally with distilled water until pH of the suspension reached ~7. The suspension was transferred to Petri dishes and left for drying in air for 4 days.



Preparation of the NiO-GO Mixture

Approximately 1 g of dried GO was added to a 50 mL volume of 0.4 M NiNO3 solution. The mixture was sonicated for 2 h to disperse GO in the salt solution. The solution was centrifuged at 3842 g for 20 min. The suspension was transferred to Petri dishes and left to dry in air for 4 days (36, 37). The prepared NiNO3-GO mixture was calcined in a tubular furnace at 450°C for 4 h under N2 flow at 200 standard cubic cm per min (sccm) to convert NiNO3 to NiO. The NiO-GO mixture was subjected to the H2-reduction (200 sccm) at 600°C for 2 h to convert NiO to Ni and GO to rGO. Reduction temperature was determined using temperature-programmed reduction (TPR) analysis.



Preparation of PANI

Approximately 9 mL of aniline was added to 150 mL of distilled water in a round-bottom flask. The flask was placed on the ice bath. The temperature of the mixture was adjusted between 0 - 5°C. The solution was stirred continuously using a magnetic stirrer. Approximately 10 mL of 9 M HCl was added dropwise to the solution. Approximately 100 mL of (NH4)2S2O8 (11% w/w) solution was added dropwise to the aniline solution. The solution turned dark green. The solution was stirred for another 2 h and then centrifuged at 3842 g for 10 min. The supernatant was discarded and the residual suspension of PANI was washed with distilled water until its pH reached ~7 (38).



Synthesis of the Ni-rGO-PANI Electrode

The prepared Ni-rGO mixture (~4% w/w) was added to PANI. The mixture was sonicated for 2 h in distilled water to uniformly disperse Ni-rGO in PANI. The sonicated mixture was centrifuged at 3842 g for 15 min. The residual slurry suspension was cast as a ~2 mm-thick film on Petri dishes and left to dry in air for 5 days. The dried Ni-rGO-PANI metal-carbon-polymer composite film was cut into rectangular (10 mm x 5 mm) pieces to be used as the test electrodes. Samples of rGO-PANI (without Ni) and the PANI substrate (without Ni and rGO) were prepared for comparison.



Preparation of PBS Buffer and Synthetic Clinical Samples

Approximately 8 g of NaCl, 0.2 g of KCl, 1.44 g of Na2HPO4, and 0.24 g of KH2PO4were transferred to 800 mL of Milli-Q water in a 1 L-conical flask. The solution pH was adjusted to 7.2 using 1 M HCl, and the final volume was maintained at 1 L. The solution was sterilized for 15 min in an autoclave at 121°C. Approximately 1 mL of the PBS was mixed in ESAT-6 protein to prepare the stock solution of 1 µg mL-1. Stock solutions of the interfering biomolecules (Ag85, AP, Glu, U, AA, Cre, Chl, BA, and Glt) were also prepared in the same PBS solution.

Blood samples (2 ml) were collected in EDTA tube containing anticoagulant enzymes and stored at 4°C for the clinical measurements. The as-received samples were centrifuged at 2400 rpm for 15 min to separate the erythrocytes (RBC and WBC) from blood plasma (supernatant fluid). Approximately 0.01 mL plasma solution was used to prepare the synthetic clinical samples at different concentrations of ESAT-6.



Electrode Surface Modification

The prepared Ni-rGO-PANI electrodes were first washed with distilled water and dried in N2 flow. Dried electrodes were immersed in an acetone solution containing 1 mM of DSP for 1 h at ~30°C. DSP interacts with the Ni NPs through Ni-sulfide bond. At the other end, it interacts with the antibody via amide bond (17, 39, 40). The DSP-coated electrodes were washed with acetone and distilled water to remove excess DSP from the electrode surface. Washed electrodes (DSP-Ni-rGO-PANI) were immersed in PBS buffer (pH 7.2) containing 100 ng mL-1 of anti-ESAT-6 antibody. The entire electrode and antibody solution were incubated overnight at 4°C. The incubated electrode samples were washed using the PBS buffer to remove unbound antibodies. The washed samples (Ab-DSP-Ni-rGO-PANI) were soaked in BSA (1% w/w) solution at ~30°C for 1 h to block the free sites in DSP. The samples were washed with PBS to remove excess BSA. The prepared material (BSA-Ab-DSP-Ni-rGO-PANI) was used as the sensing electrode for ESAT-6. In the surface modification step described above, DSP served as the cross-linking agent for the anti-ESAT-6 antibody. DSP contains two amine-reactive N-hydroxyl succinimide (NHS) esters that react with primary amines on the antibody to make a stable amide bond with subsequent release of the NHS group. Figure 1 describes the preparation- and surface modification steps for the sensing electrode schematically (17, 39, 40).




Figure 1 | Electrode preparation and surface modification.





Physicochemical Characterization

Ni loading in the electrode material was determined by leaching the metal from an approximately 0.1 g of the Ni-rGO sample in 10 mL of concentrated HNO3. The mixture was heated at 80°C for 2 days until the solution became colorless. After cooling to ~30°C, the solution turned light green. Solution volume was maintained at 10 mL using 1% (w/w) nitric acid. Metal concentration in the leachate was measured using atomic absorption spectrometry (AAS) (Varian AA-420, USA) equipped with a deuterium background corrector and a hollow cathode lamp as the radiation source.

Specific surface area (SBET) of the prepared materials was determined using an Autosorb-1C instrument (Quantachrome, USA). N2 was used as an absorbate probe molecule at 77 K over the P/P0 values ranging from 0.01 to 0.99. The reduction temperature of NiO-GO was determined from TPR analysis using the Quantachrome instrument. H2-reduction was performed from 0 to 900°C. A ramp rate of 10°C per min was used for the reduction step. Surfaces of the materials were observed using high-resolution field emission scanning electron microscopy (FE-SEM) (JSM 7100F/JEOL, Netherlands) and the metal distributions were determined using energy-dispersive X-ray spectrometer (EDX) attached to the FE-SEM. Crystal lattices of the materials were determined using X-ray diffraction spectroscopy (XRD) (Pananalytical X’Pert Pro, UK). The samples were dried in vacuum and analysis was performed using Ni-kα radiation (k = 1.54178 A°) in the 2θ range 20–100° at a scan rate of 3° per min. Functional groups in the material surface were determined using Fourier-transform infrared spectroscopy (FT-IR) (Bruker Tensor 27, Germany). Spectra were recorded over the range 600–4000 cm-1. Graphitic content in the material was determined using Raman spectroscopy (Spex 1403, Singapore) with a He-Ne laser. The spectra were recorded using 532 nm excitation wavelength over the range 1000–3000 cm-1.



Electrode Electrochemical Characterization

All electrochemical measurements were performed using the Autolab workstation (Metrohm, USA). In the three-electrode assembly, Ni-rGO-PANI was used as the working electrode, and Ag/AgCl and a Pt rod were used as the reference and counter electrodes, respectively. Analysis was performed in PBS solution at pH 7.2; this value was chosen because blood and sputum pH values for patients infected with TB are in the range (7.0– 7.4) (41) and (6.8–7.5) (42), respectively. CV analysis was performed to determine electrode activity towards the antibody-antigen interactions from -1 to 1 V with a starting potential of 0 V at a scan rate of 10 mV s-1. EIS measurements were performed to determine impedance on the material surface. The measurements were taken over the frequency range 10-4–102 kHz under a set potential of 0 V, integration time of 0.125 s, and amplitude of 0.01 mV. All measurements were performed in triplicate; the data are reported as the mean of the measurements.




Result and Discussion


SEM and EDX Analysis

The SEM images of BSA-Ab-DSP-Ni-rGO-PANI at various stages of preparation are shown in Figures 2A–F. Flake-like structure was observed in the GO sample (Figure 2A). Shiny dots in Figure 2B indicate that the Ni NPs are dispersed on the surface of the rGO flakes (indicated by arrow). The presence of Ni NPs on the surface of rGO was confirmed by the EDX analysis. The SEM image of PANI indicated an amorphous structure containing the randomly distributed micron-sized long particles (Figure 2C). A relatively more compact and dense structure was observed after the addition of Ni and rGO (Figure 2D), confirming the inclusion of rGO as well as Ni NPs. The supplementary file can be referred for the SEM images of the treated samples, viz., SEM images post-surface modification of Ni-rGO-PANI with DSP (Supplementary Figure 1A), antibody immobilization (Supplementary Figure 1B), and BSA (Figure 2E and Supplementary Figure 1C). Surface modification of Ni-rGO-PANI with DSP resulted in the coverage of the electrode surface with DSP layer, possibly blocking the pore-mouths, confirmed by the BET surface area analysis. Figure 2F and Supplementary Figures 1D–F show the EDX spectra of the fresh Ni-rGO-PANI sample and that of the sample after each surface modification step. The inset table shows elemental distributions, which confirms the presence of Ni (11.40% w/w) in Ni-rGO-PANI (before surface modification). The amount successively decreased to 6.4, 5.5 and 3.2% (w/w) after the surface modifications with DSP, Ab and BSA, respectively, confirming the coating of the surface modifying agents.




Figure 2 | SEM images of (A) GO, (B) Ni-rGO, (C) PANI, (D) Ni-rGO-PANI, (E) BSA-Ab-DSP-Ni-rGO-PANI, and (F) EDX spectra of Ni-rGO-PANI. The arrows indicate the specific structures of the material.





Ni-Loading

The amount of Ni in Ni-rGO was quantitatively analyzed by the AAS analysis, and the metal loading was determined to be approximately 59 mg/g. The data indicate a good amount of Ni-loading in the precursor material for the electrode. A relatively higher Ni-loading renders the resulting composite material to be a good electroconductive, which is beneficial for sensing application (28).



TPR Analysis

Figure 3A shows the TPR spectra of GO and NiO-rGO. A sharp peak is observed at ~164°C in GO, indicating the reduction of GO below 200°C. Only one peak was observed for NiO-rGO over the temperature range 329 – 554°C, indicating the reduction of NiO to Ni. No peak was observed for GO, confirming the formation of rGO (reduction of GO to rGO) during calcinations. As mentioned earlier, the H2-reduction was performed at 600°C to convert NiO to Ni in the NiO-rGO mixture.




Figure 3 | (A) TPR of GO and NiO-GO, (B) RAMAN spectra of electrode materials, (C, D) FT-IR and (E, F) XRD spectra of the substrate and surface-modified materials, (G) BET isotherms and (H) surface area of the materials.





Raman Analysis

Raman spectra of the prepared materials (graphite powder, GO, Ni-rGO, Ni-rGO-PANI, and BSA-Ab-DSP-Ni-rGO-PANI) are shown in Figure 3B. Two bands, namely D and G, were detected in all materials; these are attributed to the D-band (~1343.27 cm-1) signifying the disordered phase, and the G-band (~1589.43 cm-1) signifying the graphitic characteristics of the material. Graphite powder showed an additional 2D band, indicating the layered structure of the material. The ID/IG ratios were 0.10, 0.89, 0.98, 0.97, and 0.99 for graphite, GO, Ni-rGO, Ni-rGO-PANI, and BSA-Ab-DSP-Ni-rGO-PANI, respectively. An increase in the ratio is observed for Ni-rGO, indicating a decrease in the relative graphitic content of the material. Further modification with PANI and antibody did not alter the graphitic characteristics of the material.



FT-IR Analysis

Figure 3C shows the FT-IR spectra of graphitic powder, GO, NiO-rGO, and Ni-rGO. Common characteristic peaks observed at ~1200, 2300, and 2800 cm-1 in the materials are assigned to the aromatic ring C-C groups, carboxylic O=C-O, and O-H groups, respectively. The intensity of the O=C-O peak decreased in the H2-reduced samples, indicating reduction of NiO and GO to Ni and rGO, respectively. Figure 3D shows the spectra of the DSP-modified materials. Three characteristic peaks were observed in PANI. Peaks at ~2200, 1750, and 1600 cm-1 are attributed to the C-O, C≡N, and C=C and groups, respectively. These peaks were observed in all three PANI-based materials. Five characteristic peaks were observed in DSP. Peaks at ~1750, 1650, 1500, 1250 and 1200 cm-1 are attributed to C=C, C=N, S-S, C=O ketone, and H-C-H stretching, respectively. These peaks were also observed in all DSP-coated materials, confirming the DSP coating on Ni-rGO-PANI.



XRD Analysis

Figure 3E shows the XRD spectra of GO and Ni-rGO. The peak located at 2θ angle ~10° in GO corresponds to the (0 0 1) crystallographic plane of C. However, the peak is absent in the rGO-containing materials, indicating conversion of GO to rGO during the H2-reduction step. The characteristic peaks observed at ~35, 43, and 78° in Ni-rGO correspond to the crystallographic (0 0 2), (1 1 1), and (2 2 0) planes of Ni, respectively. The peak at ~30° in Ni-rGO-PANI is attributed to the presence of PANI and those at ~50, 55, and 75° are attributed to the (1 1 1), (2 0 0), and (2 2 0) planes of Ni, confirmed from JCPDS#70-0989 (Figure 3F).



BET Analysis

Figure 3G shows N2 adsorption-desorption isotherms of the prepared materials. The isotherms show the type-II characteristics as per the IUPAC classifications. BET areas were calculated from the isotherms. A relatively higher surface area was measured in the PANI film, indicating the porous characteristics of the material; this is consistent with SEM results that revealed pores in the material, discussed earlier (Figure 3H). BET surface area decreased as expected, with inclusion of rGO and Ni NPs in PANI, as the pores were partially blocked. It may be mentioned that the main objective of performing the BET analysis was to determine the surface area of the substrate (PANI). Coating (surface modification) of the electrode with DSP/Ab/BSA caused blocking of the pore mouths on the electrode surface. Thus, the BET area significantly decreased, corroborating the formation of a DSP/Ab/BSA layer on the Ni-rGO-PANI surface (Supplementary Table 1).



CV and EIS Analysis

CV was performed on PANI, rGO-PANI, and Ni-rGO-PANI. Prior to the analysis, the scan rate was optimized using CV analysis at different rates 10, 25, 50, 75, 100, 125, and 150 mV s-1) (Supplementary Figure 2A). The current responses of the bare electrode (without surface modifications) in PBS showed a liner relationship with the square root of the scan rates (Supplementary Figure 2B), indicating the diffusion-controlled electron exchange mechanism at the surface of the electrode (43, 44).

The best electrode response (sharp and distinguished peak) was determined at 10 mVs-1. Hence, all analysis were performed at the scan rate of 10 mVs-1. PANI showed negligible peak current during the CV measurements in PBS alone, as also reported in the literature (Figure 4A) (45, 46). However, rGO-PANI showed a reduction peak at the potential of approximately -0.1 V with a current response of 0.62 mA, attributed to the electrocatalytic effects of rGO (47–49). The reduction potential slightly shifted in the range 0.5 – 0.6 V in Ni-rGO-PANI. However, a relatively higher current response (0.82 mA) was measured, attributed to the inclusion of the electrocatalytic Ni NPs in the material (50–52). EIS measurements were performed to determine the surface impedances of PANI, rGO-PANI, and Ni-rGO-PANI (Figure 4B). Data were fitted with Randles model circuit, as shown in the inset of the figure. Supplementary Figure 2C shows the magnified fitting-segment over the low impedance values for clarity. Solution resistances (Rs) were approximately the same (~1230 Ω) for all materials. Charge-transfer resistance (Rct) was approximately 11080 Ω at the PANI surface. Rct decreased to ~10450 and 8804 Ω in rGO-PANI and Ni-rGO-PANI, respectively, which indicates low impedance on Ni-rGO-PANI; this is attributed to increased mobility of free electrons at the electrode surface because of the synergistic effects between rGO and Ni NPs (20, 45, 46, 53). Based on the data, PANI and rGO-PANI were removed from further consideration; in this study, only the Ni-rGO-PANI surface was modified with the antibody for Mtb sensing.




Figure 4 | (A) CV and (B) EIS analysis of the electrode materials, (C) CV analysis of the surface modified electrodes, (D) peak currents in the surface modified materials, (E) CV analysis of BSA-Ab-DSP-Ni-rGO-PANI at different ESAT-6 concentration, (F) calibration plot for the prepared TB sensor, (G) selectivity data measured at LOD, and (H) measurements in the synthetic clinical samples (C”) vs. prepared ESAT-6 (C’) in the clinical samples.



CV analysis of DSP-coated Ni-rGO-PANI displayed a similar reduction peak to that of Ni-rGO-PANI, however, at a diminished reduction potential (0.6 V) and peak current (0.52 mA) (Figure 4C). Further modifications of DSP-Ni-rGO-PANI by the antibody and BSA did not result in decrease of the reduction potential. The responses diminished in the surface-modified materials (Figure 4C), as the relative amounts of Ni in the surface-modified electrodes decreased, confirmed by the EDX analysis (Supplementary Figure 1). The role of the Ni NPs during sensing is, therefore, only to enhance the electroconductivity of the electrode. Figure 4D summarizes the peak currents measured for the materials.



Sensor Calibration

The prepared BSA-Ab-DSP-Ni-rGO-PANI sensor was calibrated using seven different concentrations of the biomarker over the range 1 – 100 ng mL-1. Peak currents were measured over the range -0.5 – -0.6 V during CV analysis (Figure 4E). At 0 ng/mL, the antibodies (bounded at the electrode surface) were free without adsorbing any protein molecules. Over the concentration range 1 – 100 ng mL-1, the antibodies interacted with the protein molecules via adsorption. The resistivity of the electrode increased, which caused decrease in the activity of electrode, requiring a relatively higher potential for the response. Therefore, the peak position slightly shifted to the more negative potentials. Currents decreased with increasing concentrations; this is attributed to an increased resistance of the electrode materials resulting from increased ESAT-6 bonding to the antibody (anti-ESAT-6) at high concentrations. When a protein molecule binds to an antibody, the insulating property of the electrode surface increases because of the non-conductive characteristics of the protein molecule. The insulation on the surface of the electrode blocks the movement of electrons, resulting in decrease of the peek currents during the CV analysis (17). Calibration data showed a good linearity (R2 = 0.988) over the measured ESAT-6 concentration range (Figure 4F). Current peaks were detected to a minimum concentration of 1 ng mL-1. Peak currents corresponding to the measured concentrations, standard deviations (S.D.), and % relative standard deviations (RSD) are presented in Supplementary Table 2. The limit of detection (LOD) and limit of quantification (LOQ) for ESAT-6 are 1.042 and 3.065 ng mL-1, respectively, calculated using the following equations:

	

	

where, σblank, σ, and S are the standard deviation of the blank electrode, the standard deviation of the lowest concentration measured during the calibration, and the slope of calibration line, respectively.



Selectivity and Interference Tests

The prepared sensor was tested for ESAT-6 along with another biomolecule present in human blood of healthy and infected people to confirm the selectivity of the sensor towards ESAT-6 protein molecule. Ag85B is also a TB biomarker, which is a secretary protein of Mycobacterium tuberculosis. Similarly, the biomolecules such as AP, Glu, U, AA, Cre, Chl, BA, and Glt are commonly present in blood and may interfere with the measurements. The concentrations of these molecules were used at the concentration levels two-times the respective upper permissible concentration in human blood (22, 54–56). The measurements were performed over the potential range optimized earlier. The ESAT-6 concentrations were taken at the lower and upper concentrations (1 and 100 ng mL-1, respectively) of the calibration curve. The CV measurements revealed no peaks other than that for ESAT-6 in the presence of the biomolecules (Supplementary Figure 2D). Also, the peak current value was approximately the same as before (without biomolecules) at LOD (Figure 4G) and at high concentration of the calibration plot (Supplementary Figure 2E). The data, therefore, clearly indicated the selectively of the prepared sensor in this study towards ESAT-6 with negligible interference of the other biomolecules towards the detection of ESAT-6.



Measurements in Blood Samples

The clinical blood samples were processed as described earlier in the Materials and Method section. The ESAT-6 protein was mixed at five different concentrations in blood plasma, and the concentration were measured using the CV analysis at the earlier optimized parameters. Supplementary Table 3 shows the SD values less than 0.2 and the RSD values less than 2%, clearly indicating the BSA-Ab-DSP-Ni-rGO-PANI electrode capable of measuring the ESAT-6 concentrations accurately in human blood. To validate the clinical measurements, five extra blood samples were prepared by mixing two clinical samples in the same volume (1:1). The new samples were termed as AC (A+C), AD (A+D), BD (B+D), CD (C+D) and CE (C+E). The CV measurements were taken and the data for peak currents are presented in Figure 4H. The SD and RSD values were determined to be < 1and 2%, respectively. A calibration curve was plotted against the actual vs. prepared concentrations. The regressed lines were found to be approximately linear for the un-mixed and mixed samples. The data confirm that the BSA-Ab-DSP-Ni-rGO-PANI electrode was capable of detecting ESAT-6 in human blood efficiently and accurately.



Measurement in Healthy (Recovered From Tuberculosis Infection) Blood Samples

ESAT-6 concentrations were measured in the blood samples of the patients recovered from the tuberculosis infection. As mentioned earlier, the samples were collected from the clinical diagnostic laboratory. Blood cells were separated as per the previously described procedure. As shown in the CV spectra, the peak intensity was measured to be the same as that for 0 ng/ml concentration of the biomarker (ESAT-6) (Supplementary Figure 2F). It was inferred that ESAT-6 in healthy people was absent or below the detection limit of the sensor.



Reuse of Spent Electrodes

Spent electrodes (BSA-Ab-DSP-Ni-rGO-PANI) were repeatedly washed with acetone and PBS, and dried in a N2 atmosphere. Washed electrodes were subjected to another surface modification using the DSP cross-linker and ESAT-6 antibody. CV data were recorded at each step of the modification, as with the earlier electrodes. Sensor responses of the reused electrodes were approximately the same as those of the fresh electrodes (Supplementary Figure 2G). The washing, surface modification, and sensing steps were repeated more than ten times with the same electrode; CV data confirmed approximately the same response as before for the BSA-Ab-DSP-Ni-rGO-PANI electrode (Supplementary Figure 2H). Clearly, the Ni-rGO-PANI electrode (substrate/base) material can be used multiple times without decrease in its activity towards TB detection.



Stability of the Electrode

BSA-Ab-DSP-Ni-rGO-PANI electrode samples were stored for 6 months in the refrigerator at 0°C under a sterile environment. CV analysis was performed on the preserved electrodes under the same conditions as described earlier to assess the stability of the material. Current peaks had approximately the same magnitudes as measured earlier for the fresh samples over the same potential range, indicating the material to be stable when stored in a sterilized environment (Supplementary Figure 2I). A plausible mechanism of the antigen–antibody interaction and ESAT-6 detection is schematically described in Figure 5. The ESAT-6 antigen binds with the antibody (anti ESAT-6) through ionic interaction between the O- of carboxylic group in the antigen and ammonium ion   of peptide chain in antibody via the electron transfer (57). During the sensing, the responses decreased with increasing concentrations of ESAT-6, as the antigen formed insulating layers, blocking the electron transfer (Figure 5) (17). Supplementary Figure 3 shows the digital photograph of the prepared electrode (Supplementary Figure 3A) and the sensing instrument (Supplementary Figure 3B) (58, 59).




Figure 5 | Mechanism of ESAT-6 detection.



We compared, wherever possible, the performances of the sensor prepared in this study with those of the electrochemical sensors discussed in the literature (Table 1) (5–7, 9, 12–14, 17, 54, 58). Using different biomarkers and their corresponding recognition elements, most of the Mtb sensors displayed a low detection limit and good linearity. In addition, reproducibility among these sensors is reported between 3 and 10 times. As mentioned earlier, only Diouani et al. (2016) have developed the anti-ESAT-6 recognition element-based electrochemical TB biosensor, however, using a relatively expensive SPE (17). On the other hand, the Mtb sensor developed in this study is based on the Ni-rGO-PANI electrode and uses the same recognition element (ESAT-6). The LOD of the sensor is 1.042 ng mL-1, which is significantly lower than most of the previously developed sensors. Furthermore, the electrode material is stable and reusable, and the assay time is short.


Table 1 | Comparative performances of the TB electrochemical sensors.






Conclusions

An electroconductive Ni-rGO-PANI electrode-based immunosensor was prepared to quantitatively detect ESAT-6, a biomarker for Mtb. Various physicochemical and electrochemical characterization techniques confirmed the effective step-wise surface modifications of the electrode with DSP, antibody, and BSA. CV analysis (potential range -1 to +1 V, starting potential 0 V, scan rate 10 mV s-1) demonstrated a decrease in peak current and distinct peak-to-peak separation, indicating the successful immobilization of the antibody recognition element on the electrode surface. The electrode was able to detect ESAT-6 over the concentration range 1 - 100 ng mL-1 with good linearity (R2 = 0.988). Analysis revealed that Ni-rGO-PANI is stable and that the sensor could be reused repeatedly after surface cleaning and modification; thus, both the material and preparation method are cost-effective. Future tests with the ESAT-6 immunosensor using serum and sputum from both TB-positive and -negative patients are required to implement this assay for a rapid and specific TB diagnosis. The BSA-AB-DSP-Ni-rGO-PANI-based immunosensor developed in this study will also be tested for the diagnosis of real samples of patients infected with tuberculosis infection, in collaboration with a medical college and/or medical research laboratories.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Author Contributions

RO: Methodology, Data curation, Writing original draft. NV: Supervision, Investigation, Writing - review and editing. PA: Supervision, Writing - review and editing. All authors contributed to the article and approved the submitted version.



Acknowledgments

The authors acknowledge the Department of Science and Technology (DST) and Ministry of Science and Education, Delhi for providing financial support (DST/CNS/2017239) for this study.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2021.653853/full#supplementary-material



References

1. Mi, X, He, F, Xiang, M, Lian, Y, and Yi, S. Novel Phage Amplified Multichannel Series Piezoelectric Quartz Crystal Sensor for Rapid and Sensitive Detection of Mycobacterium Tuberculosis. Anal Chem (2011) 84:939–46. doi: 10.1021/ac2020728

2. Marais, BJ, and Pai, M. New Approaches and Emerging Technologies in the Diagnosis of Childhood Tuberculosis. Respir Rev (2007) 8:124–33. doi: 10.1016/j.prrv.2007.04.002

3. Zhou, L, He, X, He, D, Wang, K, and Qin, D. Biosensing Technologies for Mycobacterium Tuberculosis Detection: Status and New Developments. Clin Dev Immunol (2011) 2011:1–8. doi: 10.1155/2011/193963

4. Yemini, M, Levi, Y, Yagil, E, and Rishpon, J. Specific Electrochemical Phage Sensing for Bacillus Cereus and Mycobacterium Smegmatis. Bioelectrochemistry (2007) 70:180–84. doi: 10.1016/j.bioelechem.2006.03.014

5. Torres-Chavolla, E, and Alocilja, EC. Nanoparticle Based Dna Biosensor for Tuberculosis Detection Using Thermophilic Helicase-Dependent Isothermal Amplification. Biosens Bioelectron. (2011) 26:4614–18. doi: 10.1016/j.bios.2011.04.055

6. Díaz-González, M, González-García, MB, and Costa-García, A. Immunosensor for Mycobacterium Tuberculosis on Screen-Printed Carbon Electrodes. Biosens Bioelectron. (2005) 20:2035–43. doi: 10.1016/j.bios.2004.09.035

7. Mathebula, NS, Pillay, J, Toschi, G, Verschoor, JA, and Ozoemena, KI. Recognition of Anti-Mycolic Acid Antibody at Self-Assembled Mycolic Acid Antigens on a Gold Electrode: A Potential Impedimetric Immunosensing Platform for Active Tuberculosis. Chem Commun (2009) 23:3345–47. doi: 10.1039/B905192A

8. Nellaiappan, S, and Kumar, AS. Electrocatalytic Oxidation and Flow Injection Analysis of Isoniazid Drug Using a Gold Nanoparticles Decorated Carbon Nanofibers-Chitosan Modified Carbon Screen Printed Electrode in Neutral Ph. J.Electroanal. Chem (2017) 801:171–78. doi: 10.1016/j.jelechem.2017.07.049

9. Lavania, S, Das, R, Dhiman, A, Myneedu, VP, Verma, A, Singh, N, et al. Aptamer-Based TB Antigen Tests for the Rapid Diagnosis of Pulmonary Tuberculosis: Potential Utility in Screening for Tuberculosis. ACS Infect Dis (2018) 4:1718–26. doi: 10.1021/acsinfecdis.8b00201

10. Zaid, MHM, Abdullah, J, Yusof, NA, Sulaiman, Y, Wasoh, H, Noh, MFM, et al. Pna Biosensor Based on Reduced Graphene Oxide/Water Soluble Quantum Dots for the Detection of Mycobacterium Tuberculosis. Sens. Actuators B Chem (2017) 241:1024–34. doi: 10.1016/j.snb.2016.10.045

11. Singh, A, Choudhary, M, Singh, MP, Verma, HN, Singh, SP, and Arora, K. Dna Functionalized Direct Electro-Deposited Gold Nanoaggregates for Efficient Detection of Salmonella Typhi. Bioelectrochemistry (2015) 105:7–15. doi: 10.1016/j.bioelechem.2015.03.005

12. Zhang, X, Feng, Y, Duan, S, Su, L, Zhang, J, and He, F. Mycobacterium Tuberculosis Strain H37Rv Electrochemical Sensor Mediated by Aptamer and Aunps–DNA. ACS Sens (2019) 4:849–55. doi: 10.1021/acssensors.8b01230

13. Thiruppathiraja, C, Kamatchiammal, S, Adaikkappan, P, Santhosh, DJ, and Alagar, M. Specific Detection of Mycobacterium Sp. Genomic Dna Using Dual Labeled Gold Nanoparticle Based Electrochemical Biosensor. Anal Biochem (2011) 417:73–9. doi: 10.1016/j.ab.2011.05.034

14. Miodek, A, Mejri, N, Gomgnimbou, M, Sola, C, and Korri-Youssoufi, H. E-Dna Sensor of Mycobacterium Tuberculosis Based on Electrochemical Assembly of Nanomaterials (Mwcnts/Ppy/Pamam). Anal Chem (2015) 87:9257–64. doi: 10.1021/acs.analchem.5b01761

15. Gharekhani, H, Olad, A, and Hosseinzadeh, F. Reduced Graphene Oxide Nanoribbon Immobilized Gold Nanoparticle Based Electrochemical DNA Biosensor for the Detection of Mycobacterium Tuberculosis. J Mater Chem B (2018) 6:5181–87. doi: 10.1039/C8TB01604F

16. Schuh, R, Kremmer, E, Ego, E, Wasiliu, M, and Thierfelder, S. Determination of Monoclonal Antibody Specificity by Immunoadsorption and Western Blotting. J Immunol Methods (1992) 152:59–67. doi: 10.1016/0022-1759(92)90089-C

17. Diouani, MF, Ouerghi, O, Refai, A, Belgacem, K, Tlili, C, Laouini, D, et al. Detection of ESAT-6 by a Label Free Miniature Immuno-Electrochemical Biosensor as a Diagnostic Tool for Tuberculosis. Mater Sci Eng. C (2017) 474:65–470. doi: 10.1016/j.msec.2016.12.051

18. Pandey, I, Bairagi, PK, and Verma, N. Electrochemically Grown Polymethylene Blue Nanofilm on Copper-Carbon Nanofiber Nanocomposite: An Electrochemical Sensor for Creatinine. Sens. Actuators B Chem (2018) 277:562–70. doi: 10.1016/j.snb.2018.09.036

19. Bairagi, PK, and Verma, N. Electrochemically Deposited Dendritic Poly (Methyl Orange) Nanofilm on Metal-Carbon-Polymer Nanocomposite: A Novel non-Enzymatic Electrochemical Biosensor for Cholesterol. J Electroanal. Chem (2018) 814:134–43. doi: 10.1016/j.jelechem.2018.02.011

20. Krishnan, SK, Singh, E, Singh, P, Meyyappan, M, and Nalwa, HS. A Review on Graphene-Based Nanocomposites for Electrochemical and Fluorescent Biosensors. RSC Adv (2019) 9:8778–81. doi: 10.1039/C8RA09577A

21. Alwarappan, S, Erdem, A, Liu, C, and Li, CZ. Probing the Electrochemical Properties of Graphene Nanosheets for Biosensing Applications. J Phys Chem C. (2009) 113:8853–57. doi: 10.1021/jp9010313

22. Bairagi, PK, and Verma, N. Electro-Polymerized Polyacrylamide Nano Film Grown on a Ni-reduced Graphene Oxide-Polymer Composite: A Highly Selective non-Enzymatic Electrochemical Recognition Element for Glucose. Sens. Actuators B Chem (2019) 289:216–25. doi: 10.1016/j.snb.2019.03.057

23. Zhu, X, Xu, J, Duan, X, Lu, L, Zhang, K, Yu, Y, et al. Controlled Synthesis of Partially Reduced Graphene Oxide: Enhance Electrochemical Determination of Isoniazid With High Sensitivity and Stability. J Electroanal. Chem (2015) 757:183–91. doi: 10.1016/j.jelechem.2015.09.038

24. Pei, Y, Hu, M, Tu, F, Tang, X, Huang, W, Chen, S, et al. Ultra-Rapid Fabrication of Highly Surface-Roughened Nanoporous Gold Film From AuSn Alloy With Improved Performance for Nonenzymatic Glucose Sensing. Biosens. Bioelectron. (2018) 117:758–65. doi: 10.1016/j.bios.2018.07.021

25. Zhang, P, Sun, T, Rong, S, Zeng, D, Yu, H, Zhang, Z, et al. A Sensitive Amperometric AChE-biosensor for Organophosphate Pesticides Detection Based on Conjugated Polymer and Ag-rGO-NH2 Nanocomposite. Bioelectrochemistry (2019) 127:163–70. doi: 10.1016/j.bioelechem.2019.02.003

26. Lin, S, Feng, W, Miao, X, Zhang, X, Chen, S, Chen, Y, et al. A Flexible and Highly Sensitive Nonenzymatic Glucose Sensor Based on DVD-laser Scribed Graphene Substrate. Biosens. Bioelectron. (2018) 110:89–96. doi: 10.1016/j.bios.2018.03.019

27. Ziółkowski, R, Olejniczak, AB, Górski, Ł, Janusik, J, Leśnikowski, ZJ, and Malinowska, E. Electrochemical Detection of DNA Hybridization Using Metallacarborane Unit. Bioelectrochemistry (2012) 87:78–83. doi: 10.1016/j.bioelechem.2011.10.005

28. Nie, H, Yao, Z, Zhou, X, Yang, Z, and Huang, S. Nonenzymatic Electrochemical Detection of Glucose Using Well-Distributed Nickel Nanoparticles on Straight Multi-Walled Carbon Nanotubes. Biosens. Bioelectron (2011) 30:28–34. doi: 10.1016/j.bios.2011.08.022

29. Sun, A, Zheng, J, and Sheng, Q. Highly Sensitive non-Enzymatic Glucose Sensor Based on Nickel and Multi-Walled Carbon Nanotubes Nanohybrid Films Fabricated by One-Step Co-Electrodeposition in Ionic Liquids. Electrochim. Acta (2012) 65:64–9. doi: 10.1016/j.electacta.2012.01.007

30. Singh, S, Bairagi, PK, and Verma, N. Candle Soot-Derived Carbon Nanoparticles: An Inexpensive and Efficient Electrode for Microbial Fuel Cells. Electrochim. Acta (2018) 264:119–27. doi: 10.1016/j.electacta.2018.01.110

31. Yu, H, Jian, X, Jin, J, Wang, F, Wang, Y, and Qi, GC. Preparation of Hybrid Cobalt–Iron Hexacyanoferrate Nanoparticles Modified Multi-Walled Carbon Nanotubes Composite Electrode and its Application. J Electroanal. Chem (2013) 700:47–53. doi: 10.1016/j.jelechem.2013.03.015

32. Absalan, G, Akhond, M, Soleimani, M, and Ershadifar, H. Efficient Electrocatalytic Oxidation and Determination of Isoniazid on Carbon Ionic Liquid Electrode Modified With Electrodeposited Palladium Nanoparticles. J Electroanal. Chem (2016) 761:1–7. doi: 10.1016/j.jelechem.2015.11.041

33. Kononenko, NA, Loza, NV, Shkirskaya, SA, Falina, IV, and Khanukaeva, DY. Influence of Conditions of Polyaniline Synthesis in Perfluorinated Membrane on Electrotransport Properties and Surface Morphology of Composites. J Solid State Electrochem. (2015) 19:2623–31. doi: 10.1007/s10008-015-2829-4

34. Marcano, DC, Kosynkin, DV, Berlin, JM, Sinitskii, A, Sun, Z, Slesarev, A, et al. Improved Synthesis of Graphene Oxide. ACS Nano. (2010) 4:4806–14. doi: 10.1021/nn1006368

35. Kumar, A, Omar, RA, and Verma, N. Efficient Electro-Oxidation of Diclofenac Persistent Organic Pollutant in Wastewater Using Carbon Film-Supported Cu-rGO Electrode. Chemosphere (2020) 248:126030. doi: 10.1016/j.chemosphere.2020.126030

36. Lv, W, Sun, F, Tang, DM, Fang, HT, Liu, C, Yang, QH, et al. A Sandwich Structure of Graphene and Nickel Oxide With Excellent Supercapacitive Performance. J Mater Chem (2011) 21:9014–19. doi: 10.1039/C1JM10400D

37. Zhao, B, Song, J, Liu, P, Xu, W, Fang, T, Jiao, Z, et al. Monolayer Graphene/Nio Nanosheets With Two-Dimension Structure for Supercapacitors. J Mater Chem (2011) 21:18792–98. doi: 10.1039/C1JM13016A

38. Amano, K, Ishikawa, H, Kobayashi, A, Satoh, M, and Hasegawa, E. Thermal Stability of Chemically Synthesized Polyaniline. Synth. Met. (1994) 62:229–32. doi: 10.1016/0379-6779(94)90210-0

39. Cabrita, JF, Abrantes, LM, and Viana, AS. N-Hydroxysuccinimide-Terminated Self-Assembled Monolayers on Gold for Biomolecules Immobilisation. Electrochim. Acta (2005) 50:2117–24. doi: 10.1016/j.electacta.2004.09.019

40. Omar, RA, Verma, N, and Arora, PK. Sequential Desulfurization of Thiol Compounds Containing Liquid Fuels: Adsorption Over Ni-Doped Carbon Beads Followed by Biodegradation Using Environmentally Isolated Bacillus Zhangzhouensis. Fuel (2020) 277:118208. doi: 10.1016/j.fuel.2020.118208

41. Kellum, JA. Determinants of Blood Ph in Health and Disease. Crit Care (2000) 6:1–9. doi: 10.1186/cc644

42. Masuda, M, Sato, T, Sakamaki, K, Kudo, M, Kaneko, T, and Ishigatsubo, Y. The Effectiveness of Sputum Ph Analysis in the Prediction of Response to Therapy in Patients With Pulmonary Tuberculosis. Peer J (2015) 3:1448. doi: 10.7717/peerj.1448

43. Zhong, H, Yuan, R, Chai, Y, Li, W, Zhong, X, and Zhang, Y. In Situ Chemo-Synthesized Multi-Wall Carbon Nanotube-Conductive Polyaniline Nanocomposites: Characterization and Application for a Glucose Amperometric Biosensor. Talanta (2011) 85:104–11. doi: 10.1016/j.talanta.2011.03.040

44. Bairagi, PK, Goyal, A, and Verma, N. Methyl Nicotinate Biomarker of Tuberculosis Voltammetrically Detected on Cobalt Nanoparticle-Dispersed Reduced Graphene Oxide-Based Carbon Film in Blood. Sens. Actuators B Chem (2019) 297:126754. doi: 10.1016/j.snb.2019.126754

45. Kulandaivalu, S, Zainal, Z, and Sulaiman, Y. Influence of Monomer Concentration on the Morphologies and Electrochemical Properties of PEDOT, PANI, and PPy Prepared From Aqueous Solution. Int J Polym. Sci (2016) 2016:1–12. doi: 10.1155/2016/8518293

46. Chen, WC, Wen, TC, and Gopalan, A. Negative Capacitance for Polyaniline: An Analysis Via Electrochemical Impedance Spectroscopy. Synth. Met. (2002) 128:179–89. doi: 10.1016/S0379-6779(01)00667-1

47. Lashkenari, MS, Ghasemi, AK, Ghorbani, M, and Rezaei, S. Fabrication of RGO/PANI-supported Pt/Cu Nanoparticles as Robust Electrocatalyst for Alkaline Methanol Electrooxidation. J Mater Sci.: Mater Electron (2021) 32:4833–45. doi: 10.1007/s10854-020-05222-5

48. Chen, N, Ren, Y, Kong, P, Tan, L, Feng, H, and Luo, Y. In Situ One-Pot Preparation of Reduced Graphene Oxide/Polyaniline Composite for High-Performance Electrochemical Capacitors. Appl Surf. Sci (2017) 392:71–9. doi: 10.1016/j.apsusc.2016.07.168

49. Ng, JC, Tan, CY, Ong, BH, Matsuda, A, Basirun, WJ, Tan, WK, et al. Novel Palladium-Guanine-Reduced Graphene Oxide Nanocomposite as Efficient Electrocatalyst for Methanol Oxidation Reaction. Mater Res Bull (2019) 112:213–20. doi: 10.1016/j.materresbull.2018.12.029

50. Darvishi, S, Souissi, M, Karimzadeh, F, Kharaziha, M, Sahara, R, and Ahadian, S. Ni Nanoparticle-Decorated Reduced Graphene Oxide for non-Enzymatic Glucose Sensing: An Experimental and Modeling Study. Electrochim. Acta (2017) 240:388–98. doi: 10.1016/j.electacta.2017.04.086

51. Ayoub, H, Griveau, S, Lair, V, Brunswick, P, Cassir, M, and Bedioui, F. Electrochemical Characterization of Nickel Electrodes in Phosphate and Carbonate Electrolytes in View of Assessing a Medical Diagnostic Device for the Detection of Early Diabetes. Electroanalysis (2010) 22:2483–90. doi: 10.1002/elan.201000307

52. Moharana, M, and Mallik, A. Nickel Electrocrystallization in Different Electrolytes: An in-Process and Post Synthesis Analysis. Electrochim Acta (2013) 98:1–10. doi: 10.1016/j.electacta.2013.03.031

53. Choi, W, Shin, HC, Kim, JM, Choi, JY, and Yoon, WS. Modeling and Applications of Electrochemical Impedance Spectroscopy (EIS) for Lithium-Ion Batteries. J Electrochem. Sci Technol (2020) 11:1–13. doi: 10.33961/jecst.2019.00528

54. Liu, Y, Tuleouva, N, Ramanculov, E, and Revzin, A. Aptamer-Based Electrochemical Biosensor for Interferon Gamma Detection. Anal Chem (2010) 82:8131–36. doi: 10.1021/ac101409t

55. Wang, H, Yuan, X, Zeng, G, Wu, Y, Liu, Y, Jiang, Q, et al. Three Dimensional Graphene Based Materials: Synthesis and Applications From Energy Storage and Conversion to Electrochemical Sensor and Environmental Remediation. Adv Colloid Interfac Sci (2015) 221:41–59. doi: 10.1016/j.cis.2015.04.005

56. Trzaskowski, M, Napiórkowska, A, Augustynowicz-Kopeć, E, and Ciach, T. Detection of Tuberculosis in Patients With the Use of Portable Spr Device. Sens. Actuators B Chem (2018) 260:786–92. doi: 10.1016/j.snb.2017.12.183

57. Van Oss, CJ, Good, RJ, and Chaudhury, MK. Nature of the Antigen-Antibody Interaction: Primary and Secondary Bonds: Optimal Conditions for Association and Dissociation. J Chromatogr B (1986) 376:111–19. doi: 10.1016/S0378-4347(00)80828-2

58. Torati, SR, Reddy, V, Yoon, SS, and Kim, C. Electrochemical Biosensor for Mycobacterium Tuberculosis DNA Detection Based on Gold Nanotubes Array Electrode Platform. Biosens. Bioelectron (2016) 78:483–88. doi: 10.1016/j.bios.2015.11.098

59. Jayeoye, TJ, and Rujiralai, T. Sensitive and Selective Colorimetric Probe for Fluoride Detection Based on the Interaction Between 3-Aminophenylboronic Acid and Dithiobis (Succinimidylpropionate) Modified Gold Nanoparticles. New J Chem (2020) 44:5711–19. doi: 10.1039/D0NJ00897D



Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Omar, Verma and Arora. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 01 June 2021

doi: 10.3389/fimmu.2021.676679

[image: image2]


The Frequency and Effect of Granulocytic Myeloid-Derived Suppressor Cells on Mycobacterial Survival in Patients With Tuberculosis: A Preliminary Report


Malika Davids 1, Anil Pooran 1, Liezel Smith 1,2, Michele Tomasicchio 1 and Keertan Dheda 1,3*


1 Centre for Lung Infection and Immunity, Division of Pulmonology, Department of Medicine and UCT Lung Institute & South African MRC/UCT Centre for the Study of Antimicrobial Resistance, University of Cape Town, Cape Town, South Africa, 2 DSI-NRF Centre of Excellence for Biomedical Tuberculosis Research; South African Medical Research Council Centre for Tuberculosis Research; Division of Molecular Biology and Human Genetics, Faculty of Medicine and Health Sciences, Stellenbosch University, Cape Town, South Africa, 3 Department of Immunology and Infection, Faculty of Infectious and Tropical Diseases, London School of Hygiene and Tropical Medicine, London, United Kingdom




Edited by: 
Adam Penn-Nicholson, Foundation for Innovative New Diagnostics, Switzerland

Reviewed by: 
Carmen Judith Serrano, Mexican Social Security Institute (IMSS), Mexico

Jayne S. Sutherland, Medical Research Council The Gambia Unit (MRC), Gambia

*Correspondence: 
Keertan Dheda
 Keertan.dheda@uct.ac.za

Specialty section: 
 This article was submitted to Microbial Immunology, a section of the journal Frontiers in Immunology


Received: 05 March 2021

Accepted: 05 May 2021

Published: 01 June 2021

Citation:
Davids M, Pooran A, Smith L, Tomasicchio M and Dheda K (2021) The Frequency and Effect of Granulocytic Myeloid-Derived Suppressor Cells on Mycobacterial Survival in Patients With Tuberculosis: A Preliminary Report. Front. Immunol. 12:676679. doi: 10.3389/fimmu.2021.676679




Introduction

Protective host responses in those exposed to or infected with tuberculosis (TB) is thought to require a delicate balance between pro-inflammatory and regulatory immune responses. Myeloid-derived suppressor cells (MDSCs), regulatory cells that dampen T-cell function, have been described in cancer and other infectious diseases but there are limited data on their role in TB.



Methods

Peripheral blood was obtained from patients with active pulmonary TB and participants with presumed latent TB infection (LTBI) from Cape Town, South Africa. MDSC frequency was ascertained by flow cytometry. Purified MDSCs were used to assess (i) their suppressive effect on T-cell proliferation using a Ki67 flow cytometric assay and (ii) their effect on mycobacterial containment by co-culturing with H37Rv-infected monocyte-derived macrophages and autologous pre-primed effector T-cells with or without MDSCs. Mycobacterial containment was measured by plating colony forming units (CFU).



Results

MDSCs (CD15+HLA-DR-CD33+) had significantly higher median frequencies (IQR) in patients with active TB (n=10) versus LTBI (n= 10) [8.2% (6.8-10.7) versus 42.2% (27–56) respectively; p=0.001]. Compared to MDSC-depleted peripheral blood mononuclear and effector T cell populations, dilutions of purified MDSCs isolated from active TB patients suppressed T-cell proliferation by up to 72% (n=6; p=0.03) and significantly subverted effector T-cell-mediated containment of H37Rv in monocyte-derived macrophages (n=7; 0.6% versus 8.5%; p=0.02).



Conclusion

Collectively, these data suggest that circulating MDSCs are induced during active TB disease and can functionally suppress T-cell proliferation and subvert mycobacterial containment. These data may inform the design of vaccines and immunotherapeutic interventions against TB but further studies are required to understand the mechanisms underpinning the effects of MDSCs.
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Introduction

Tuberculosis (TB) is the leading cause of death due to a single infectious agent (1). Although TB is largely a curable disease with a global treatment success rate of ~85%, almost 1.5 million people succumbed to the disease in 2019 (1). This is likely to worsen due the rapid emergence and global spread of drug resistant forms of the disease which threaten to derail advances in TB control (2). Eradication of TB is only likely to be achieved with an effective vaccine. Currently, the only licensed TB vaccine is an attenuated strain of Mycobacterium bovis (M.bv), BCG (3). BCG confers protection against severe forms of TB disease in children but offers limited protection (~30%) against adult forms of pulmonary disease (4). Data from recently trialled vaccine candidates have not offered much hope. For instance, MVA85A did not show any improvement compared to BCG despite compelling pre-clinical animal data (5), and the more recently trailed M72/AS01 performed much better but was still only associated with an efficacy of only ~50% (6). These studies and their outcomes highlight our incomplete understanding of the immune mechanisms underpinning protective immunity and bacterial persistence.

One of the central hallmarks of active TB disease is a failed T-cell effector immune response (7). However, there is still much that is not known about the specific immune mechanisms underpinning failed T-cell immunity (8). In active TB disease immunity associated with recovery is traditionally thought to be primarily driven by pro-inflammatory effector T-cells, and cytotoxic CD8 cells (8). However, the host immunity also involves several regulatory mechanisms for suppressing T-cell responses against M. tb-specific antigens, which may be leveraged by pathogens to their advantage. Such strategies may also underpin the extensive immunopathology associated with TB.

Myeloid-derived suppressor cells (MDSCs) is one type of regulatory cell that potently regulates cancer immunity at the site of pathology (9). MDSCs have a morphology similar to granulocytes and/or monocytes (10). In healthy individuals, immature myeloid cells are generated in the bone marrow and rapidly differentiate into mature macrophages, dendritic cells, or granulocytes (10). MDSCs can broadly be classified into three groups: 1) early-stage-MDSC (LIN1-HLA-DR-/low CD11B+CD33+), 2) polymorphonuclear-MDSC (HLA-DR-/low CD14-CD15+CD33+/dim), and 3) monocytic-MDSC (HLA-DR-/lowCD14+CD15-CD33+) (10). This report specifically focuses on polymorphonuclear-MDSCs (PMN-MDSCs), also known as granulocytic-MDSCs.

Others have previously shown that regulatory pathways (11, 12), including MDSCs are upregulated in patients with active TB (13–17), their frequency in peripheral blood decreases with successful treatment (14), and MDSCs are able to inhibit T-cell proliferation (13). However, data are limited to a handful of studies (less than 5), and there are hardly any data from humans or TB-endemic settings (13). Furthermore, there are no published data about the biological significance of these cells and the ability of MDSCs to directly restrict mycobacterial growth. Thus, their role during M. tb infection remains unclear. To address these knowledge gaps, we explored the levels of M-MDSCs in patients with active TB versus those who are latently infected, and whether they abrogated the ability of effector T-cells to contain mycobacterial growth.



Methods


Participants and Ethical Approval

HIV-uninfected participants were recruited from various primary healthcare clinics around Cape Town between January 2017 and February 2019. Presumed LTBI participants were healthy asymptomatic individuals with no clinical or radiological evidence of previous or active TB disease and were both tuberculin skin test (TST; induration >10mm) and interferon-gamma release assay (QuantiFERON®-TB Gold) positive. TB patients were microbiologically confirmed by sputum smear microscopy, Xpert MTB/RIF, and/or MGIT sputum culture, and had <1 week of anti-TB therapy at the time of recruitment. Informed written consent was obtained from all patients and the study was approved by the UCT Research Ethics Committee. Participants were excluded from the study if they were HIV-infected, pregnant or younger than 18 years of age.



Flow Cytometry

Peripheral blood was obtained from all study participants by venipuncture. 100μl whole blood were seeded in a 96-well tissue culture plate and either left unstimulated or stimulated with 12μg/ml purified protein derivative (PPD; Statens Serum Institute) overnight at 37°C with 5% CO2. The cells were subsequently stained using fluorescently labelled antibodies specific for cell surface markers [CD14, CD33, HLA-DR and CD15; (BD Biosciences, Ebiosciences, Biolegend)]. Thereafter, the cells were fixed in 4% paraformaldehyde and data acquired on an LSRII flow cytometer.



Myeloid-Derived Suppressor Cells Isolation

MDSCs were isolated as previously described by Lechner et al. (18), with modifications. Briefly, whole blood was separated over a density gradient (Histopaque 1077, Sigma-Aldrich) into the 1) plasma, 2) mononuclear cell (PBMC) layer, and 3) erythrocyte/granulocyte layer. The layer containing erythrocytes and granulocytes were harvested and erythrocytes were lysed (BD cell lysis solution). The granulocytic cell fraction was incubated with CD15 MACSiBead particles for positive selection of CD15 cells. HLA-DR- cells were isolated from the CD15+ cell fraction by immuno-magnetic separation (MACS beads, MACS LS-column, Miltenyi Biotec). The CD15+HLA-DR- cell fraction was incubated with CD33 microbeads for positive selection of CD15+HLA-DR-CD33+ cells (Miltenyi Biotec). Purity of the MDSC population exceeded 95% as confirmed by flow cytometry.



Ki67 Suppression Assay

The suppressive effect of MDSCs on T-cell proliferation was evaluated using a Ki67 flow cytometry proliferation assay, as previously described (11). Briefly, on day 0, PBMCs were co-cultured with purified MDSCs as follows: duplicate wells containing 0.5x106 PBMCs were stimulated with PPD (12μg/ml) to generate effector T-cells and co-cultured with MDSCs at ratios of 1:1, 2:1 and 4:1 (PBMCs: MDSCs) for 6 days at 37°C and 5% CO2. Additional experimental control wells were set up including (1) unstimulated PBMCs as a negative control; and (2) PBMCs stimulated with PPD (12μg/ml) as a proliferation control. On day 6, the cells were harvested and stained for Ki67 expression as per manufacturer instructions (Biolegend, USA). Briefly, the cells were harvested and washed with cold 70% ethanol and, after centrifugation, stained for Ki67, CD3, CD33, CD15 and HLA-DR (Biolegend, USA). Data was acquired on an LSR-II flow cytometer and analysed using FACSDiva software. The percentage (%) proliferation was calculated as follows: [(% MDSC+Ki67+ cells in experimental condition/% MDSC+Ki67+ cells in proliferation control) X 100]. The percentage suppression was calculated as 100 – (% proliferation).



Mycobacterial Containment Assay

A mycobacterial containment assay was used, as previously described (11), to determine the effect of MDSCs on the ability of PPD-driven effector T-cells to effectively contain M. tb within blood monocyte-derived macrophages (MDMs). 1x106/ml PBMCs were seeded into a tissue culture plate and were cultured undisturbed for 5 days to allow monocytes to adhere to the plastic and differentiate into macrophages. Thereafter, the plate was washed to remove non-adherent cells and the MDMs were infected with H37Rv at a multiplicity of infection (MOI) of 1:1. In parallel, purified MDSCs were co-cultured with PPD-stimulated PBMCs (12μg/ml) at specific ratios [MSDC: Teff at 1:2 (5x104:10X104 cells); and 1:4 (2.5x104:10X104 cells)] and incubated for 6 days at 37°C and 5% CO2. The various effector T-cell/MDSC combinations were subsequently co-cultured with H37Rv-infected macrophages for 24 hours. Additional wells included a reference control containing H37Rv-infected MDMs only, a positive M. tb containment control containing H37Rv-infected MDMs co-cultured with effector T-cells (Teff). Intracellular M.tb, released by lysis of infected MDMs, was subsequently cultured on Middlebrook 7H10 agar and expressed as colony forming units per ml (CFU/ml). The percentage (%) mycobacterial containment was also reported and was defined as the reduction in M. tb survival compared to the reference control (H37Rv infected MDM only).



Statistical Analysis

The data were tested for normality using the Shapiro-Wilk test. The Mann Whitney t test was used to assess immuno-phenotyping differences between the participant’s groups. The Wilcoxon ranked sum test was used to assess differences within participant groups. Statistical analyses were performed using GraphPad Prism version 6.0 (GraphPad software) and SPSS Statistics version 23 (SPSS Inc.).




Results


Clinical Characteristics of Study Participants

A total of 33 HIV-uninfected participants were recruited and classified into 2 groups (Table 1): microbiologically-confirmed participants with pulmonary TB (TB; n=23), and presumed-latently infected participants (LTBI; n=10) as determined by a positive tuberculin skin test (TST-positive) and Quantiferon Gold in-tube test (both positive). All participant groups were matched for age, sex and gender (Table 1); univariate analysis showed that good matching was achieved. All participants had no previous history of TB.


Table 1 | Demographics and clinical characteristics of participants with latent TB infection (LTBI) and drug-sensitive TB (DS-TB).





Frequency of Myeloid-Derived Suppressor Cells in Peripheral Blood

In peripheral blood stimulated with PPD, we found a significant increase in the frequency of MDSCs (HLA-DR-/lowCD14+CD15-CD33+) in patients with active TB (median = 42.2%; IQR: 28.1–56.3) compared to participants with LTBI (median = 8.2%; IQR: 7.6 – 10.2; p < 0.001; Figure 1).




Figure 1 | Frequency of myeloid derived suppressor cells (MDSC) in the peripheral blood compartment of participants with presumed-latent infection and active TB. (A) Flow cytometry gating strategy. Cells were first gated on CD14-CD33+ cells, and within this population HLA DRlow/-CD15+ cells were identified. (B) frequency of CD14-CD33+HLA-DRlow/-CD15+ MDSCs before and after stimulation with PPD and PHA. p-value of <0.05 were considered significant (Mann-Whitney unpaired t-test). ***p-value <0.0001.





Ki67 Suppression Assay

The functional capability of the MDSC to suppress PPD-driven effector T-cell proliferative responses was evaluated using a Ki67 flow cytometry assay. MDSCs were isolated from the peripheral blood of patients with active TB disease (n=6). MDSC purity was confirmed to be greater than 95% (Table 1, online supplement). The proliferation control, which contained PPD-driven effector T-cells only, displayed limited T-cell suppression (median 10.95%; range: 6.75 – 19.25% T-cell suppression; Figure 2B). However, the addition of MDSCs to PPD-driven effector T-cells at ratios of 1:1, 2:1, and 4:1 (effector T cells: MDSCs) resulted in significant suppression of T-cells [median (range): 75% (72.62 – 95.9%), 69% (61.25 – 89.70%) and 65% (59.05 – 84%) T-cell suppression respectively; Figure 2].




Figure 2 | Functional capabilities of myeloid derived suppressor cells (MDSC) was tested. (A) Illustrates the flow cytometry gating strategy. (B) Outlines suppression of PPD-driven T-cell proliferation by MDSCs at different ratios. Effector T-cells were co-cultured with MDSCs at a ratio of 4:1, 2:1 and 1:1, respectively. The percentage proliferation was measured using Ki67 flow cytometry staining. (C) Mycobacterial containment assays using peripheral blood cells from active TB patients to determine the effect of MDSCs from TB patients on mycobacterial survival. Briefly, monocyte-derived macrophages (MDMs) were infected with H37Rv and then co-cultured with PPD pre-primed effector T-cells with or without MDSCs for 24 hours. The impact of MDSCs on mycobacterial containment was assessed by plating surviving intracellular bacteria, and the magnitude of mycobacterial containment is expressed as % of the reference control (MDM only) for each experimental condition. *p-value of <0.05 were considered significant (Wilcoxon matched pairs test).





Mycobacterial Containment Assay

The mycobacterial containment assay was used to determine the effect of MDSC, isolated from the peripheral blood of patients with active TB (n= 7), on the ability of PPD-driven effector T-cells to effectively contain M. tb within autologous MDMs.

In terms of absolute CFUs, a significant decrease was observed in wells containing effector T-cells (Teff) co-cultured with H37Rv-infected MDMs (Teff; 4.3X104 CFU/ml) compared to wells only containing H37Rv infected MDMs (MDM only; 7.1X104 CFU/ml; p=0.0002; Figure 2C). However, when MDSCs and effector T-cells were co-cultured with H37Rv-infected MDMs, there was an increase in CFU/ml compared to the Teff well (p=0.02; Figure 2C).

The same data, for greater clarity, were also differently expressed as % mycobacterial (M.tb) containment, defined as the % change in CFU/ml relative to the H37Rv-infected MDMs reference control. As such, the H37Rv-infected MDM control or reference represented 0% M. tb containment, or in other words, 100% M.tb survival. The addition of effector T-cells together with the H37Rv-infected MDMs, represented the “positive control”. In the positive control 30.6% M.tb containment was observed, however this level of containment was significantly reduced when MDSCs were introduced into the culture (2:1 = 9.2% and 4:1 = 8.5% M.tb containment; p=0.02).




Discussion

We found that patients with active TB disease had significantly higher frequencies of circulating MDSCs. These cells suppressed the proliferative capabilities of PPD-specific effector T cells and attenuated mycobacterial containment in vitro.

The role of MDSCs in TB has been contentious. We have shown, for the first time in humans, that MDSCs can modulate T-cell activity, thus enhancing mycobacterial growth in vitro. Our results indicate that MDSCs can modulate an immune response that favours M.tb survival. The mechanism by which this occurs deserves further study. Previous murine studies that examined the direct effect of MDSCs on mycobacterial survival, showed that infected MDSCs were unable to directly kill mycobacteria (19), despite their ability to produce nitric oxide (20). Knaul et al. found that M.tb-infected MDSCs, similar to macrophages, can release pro-inflammatory (IL-1 and IL-6), but also anti-inflammatory cytokines (IL-10), thus providing a possible mechanism for our observations (21). However, further work in now required to study an array of possible mechanisms by which might potentially including Th2 cytokines, cell-to-cell contact, and other humoral mechanisms etc.

We found the levels of MDSC were significantly higher in patients with active TB compared to those with presumed-LTBI, and that MDSCs suppressed T-cell proliferation. Indeed, MDSCs were first described as suppressor cells recruited to tumor sites (10), where the increased levels of MDSCs significantly correlated with aggressive disease, poor patient prognosis and immune escape (18). More recently, MDSCs were shown to be upregulated during active TB disease in adults (13, 14) and in HIV-TB co-infected children (17), and in the same patients are able to suppress T cell proliferation (13, 14) and alter cytokine expression (13). However, although we confirm these observations, we have extended these findings to show that the anti-proliferative and immune-modulatory effects translate into sub-optimal mycobacterial containment.

There are several limitations to our findings. The immuno-phenotype of study participants was analysed in the peripheral blood compartment, and whether these effects occur at the site of disease remain unknown. However, harvesting cells from the lung is constrained by cost, ethical and infection control considerations. Second, our study sample size was limited, and we only recruited patients from one geographical setting. Nevertheless, we were able to demonstrate statistically significant differences between the groups, which together with the impact on proliferation, suggest that these are likely biologically meaningful observations. Third, we did not explore the immune mechanism by which MDSCs subverted the ability of T-cells to kill M.tb. However, this was limited by available funding but is likely to begin shortly.

Fourth, containment was used to define how MDSCs can modulate the function of effector T cells to control M. tb. As described in our previous publication (22), it is difficult to quantify anti-mycobacterial activity as our assay cannot distinguish between organisms that have been killed or those that have entered a non-replicating state. However, containment is a much more biologically meaningful outcome measure as compared to biomarker proxies, including cytokines or receptor signaling pathways, that may indicate protection. Although the latter are commonly used in human studies, they may merely represent a bystander effect rather than having a causal link.

In conclusion, persons with active TB disease, compared to those with presumed-LTBI, demonstrate an altered immuno-phenotype characterized by a high frequency of MDSCs. MDSCs isolated from patients with active TB disease were highly suppressive and could attenuate mycobacterial containment in vitro. Collectively, these data suggest a contributing role for MDSCs in the immuno-pathogenesis of TB and MDSCs may be potential targets that could be exploited to design vaccines or host-directed therapies.
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Psoriasis is a skin inflammatory condition for which significant progress has been made in its management by the use of targeted biological drugs. Detection of latent M. tuberculosis infection (LTBI) is mandatory before starting biotherapy that is associated with reactivation risk. Together with evaluation of TB risk factors and chest radiographs, tuberculin skin tests (TST) and/or blood interferon-γ-release assays (IGRA), like the QuantiFERON (QFT), are usually performed to diagnose M. tuberculosis infection. Using this approach, 14/49 psoriatic patients prospectively included in this study were identified as LTBI (14 TST+, induration size ≥ 10mm, 8 QFT+), and 7/14 received prophylactic anti-TB treatment, the other 7 reporting past-treatment. As the specificity and sensitivity of these tests were challenged, we evaluated the added value of an IGRA in response to a mycobacterial antigen associated with latency, the heparin-binding haemagglutinin (HBHA). All but one TST+ patient had a positive HBHA-IGRA, indicating higher sensitivity than the QFT. The HBHA-IGRA was also positive for 12/35 TST-QFT- patients. Measurement for 15 psoriatic patients (12 with HBHA-IGRA+) of 8 chemokines in addition to IFN-γ revealed a broad array of HBHA-induced chemokines for TST+QFT- and TST-QFT- patients, compared to a more restricted pattern for TST+QFT+ patients. This allowed us to define subgroups within psoriatic patients characterized by different immune responses to M. tuberculosis antigens that may be associated to different risk levels of reactivation of the infection. This approach may help in prioritizing patients who should receive prophylactic anti-TB treatment before starting biotherapies in order to reduce their number.
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Introduction

Psoriasis is a frequent skin inflammatory condition with a worldwide prevalence of 3%, characterized by erythematous and scaly plaques that may affect any part of the body (1, 2). Psoriatic patients may develop comorbidities, such as psoriatic arthritis and cardiovascular diseases, leading to the concept of a systemic immune-mediated inflammatory disease (IMID) (3). Significant progress has been made in the management of psoriasis by the use of targeted biological drugs, initially limited to tumor necrosis factor-α (TNF-α) inhibitors (4). Patients receiving TNF-α-targeted therapies have an increased risk of reactivation of a latent Mycobacterium tuberculosis infection (LTBI), and although there are few and discrepant specific reports in psoriatic patients (5), the risk of active tuberculosis (aTB) is, according to a recent meta-analysis, doubled for patients treated with anti-TNF-α (6). The use of biological drugs to treat psoriasis was further extended to other therapeutic agents targeting the interleukin (IL)-23/IL-17 axis (7, 8), but their potential risk of reactivation of LTBI is not yet firmly established (9).

Classically, M. tuberculosis infection in humans is thought to present either as aTB or as LTBI defined by the presence of immunological responses to mycobacterial antigens in absence of clinical symptoms of disease (10, 11). LTBI subjects are thought to present a life-long risk of reactivation of the infection, with 5 to 15% of them developing aTB during their lifetime (11). Recent data however challenged this concept and indicated that LTBI comprises a range of infection outcomes associated with different bacterial persistence and host containment, from cleared infection to low-grade TB (10). It became evident that these last individuals are probably more at risk to reactivate the infection compared to other LTBI subjects.

In view of the higher risk of psoriatic patients to reactivate LTBI when receiving TNF-α-targeted therapies, detection of LTBI before initiating biotherapies is mandatory and essential to provide preventive anti-TB treatment (9, 12). This detection is nowadays based on the classical definition of LTBI, e.g. on the detection of memory T cell responses to mycobacterial antigens, revealing the presence of host sensitization to these antigens (11). The tuberculin skin test (TST) is the gold standard for this detection since decades, in spite of possible false-positive results in Bacillus Calmette-Guérin (BCG)-vaccinated subjects and in non-tuberculous mycobacteria (NTM)-infected patients (13), and despite possible lower sensitivity in patients suffering from IMID with immune-suppressive treatment history (14). Therefore, TST has been replaced in several countries by interferon-gamma (IFN-γ) release assays (IGRAs). These blood tests measure the IFN-γ secretion within whole blood or by peripheral blood mononuclear cells (PBMC), upon in vitro stimulation with peptides from the mycobacterial antigens early-secreted antigenic target-6 (ESAT-6), culture filtrate protein-10 (CFP-10), and sometimes TB7.7 (9). These IGRAs, commercially available as the QuantiFERON (QFT) (Qiagen, Hilden, Germany) or the T-SPOT.TB (Oxford Immunotec, Oxford, United Kingdom), are more specific for M. tuberculosis infection than TST, as the antigens used for in vitro stimulation are absent from BCG and most NTM. In addition, they both include positive and negative controls to identify possible false negatives. However, they were reported by several authors to have lower sensitivity than initially thought to detect immune responses to M. tuberculosis antigens (14), so that in Belgium, a low TB incidence country (<10 new cases/100.000 inhabitants/year) with a low BCG vaccination coverage, IGRAs are recommended only in case of doubtful TST results, or to increase sensitivity in patients already receiving immunosuppressive drugs (www.fares.be).

Using either TST or IGRA to detect LTBI before the initiation of TNF-α-targeted agents is however not optimal as prophylactic anti-TB treatment in these selected patients did not provide them complete protection from developing aTB (15). Therefore, in addition to a careful evaluation of the patient’s risk factors for LTBI and chest X-ray radiography to exclude aTB, a dual strategy performing both tests (TST and IGRA) is now largely recommended to reduce any possible risk of developing aTB. The positivity of any of these tests for the diagnosis of LTBI should be considered (16). Unfortunately, neither the TST, nor the IGRA allowed us to detect patients with the highest risk of reactivation as they cannot differentiate the newly recognized different stages within the spectrum of LTBI and are positive both in LTBI subjects and in patients with aTB (17).

Given the limitations of the TST and the commercial IGRAs to diagnose LTBI in patients with IMID, and their inability to select among LTBI subjects those who have the highest risk to reactivate the infection, we evaluated in this study the added value of an IGRA based on the latency-associated antigen heparin-binding haemagglutinin (HBHA), reported to detect LTBI with high sensitivity and specificity (18), and we compared the results of the HBHA-IGRA to those of the TST and of the QFT.



Material and Methods


Study Population

Forty-nine adult patients suffering from psoriasis were prospectively recruited from the outpatient clinic of the Dermatology department at the “hôpital Erasme” as part of their evaluation before starting biotherapy (Ethics Committee 021/406, P2012/082). TB screening performed for all participants included TST (0.1 ml tuberculin PPD RT23 2 TU, SSI, Copenhagen, DK), chest X-ray, and QFT. TST were read after 72 hours and the results were assessed in the context of the patient’s individual TB risk factors. In the absence of TB risk factors, TST-QFT- patients without chest X-Ray sign suggesting aTB, were considered as non-infected with M. tuberculosis. QFT+ and/or TST+ patients (induration size ≥ 15 mm) were considered as LTBI after exclusion of aTB. In the context of patients at risk to reactivate LTBI, patients with a TST positivity between 10 and 14 mm were also considered as being LTBI (www.fares.be). Four patients were treated with methotrexate at the time of inclusion. Ten others already received anti-TNF-α antibodies and were included in this study before changing their biotherapy. When they were initially evaluated for possible LTBI before their first anti-TNF-α treatment, 3/10 were considered LTBI and received at that time prophylactic anti-TB treatment.



QuantiFERON-TB Gold

QFT (QuantiFERON-TB Gold In-tube) was performed according to the manufacturer instructions (www.qiagen.com). A positive QFT test was defined as ≥ 0.35 IU/ml IFN-γ released in response to the mycobacterial peptides, after subtraction of the concentration obtained for the unstimulated condition, with a result > 25% of the unstimulated condition.



HBHA-IFN-γ Release Assay (IGRA)

PBMC were isolated from fresh blood samples and in vitro stimulated during 24 hours at 37°C under 5% CO2 with 2 µg/ml HBHA, left unstimulated in culture medium (negative control) or were stimulated with 0.5 µg/ml staphylococcal enterotoxin B (SEB, Sigma-Aldrich, Bornem, Belgium) (positive control). IL-7 was added in the culture medium at 1 ng/ml to increase the sensitivity of the 24 hrs assay (19). HBHA was purified from Mycobacterium bovis BCG culture supernatants by heparin-Sepharose chromatography (Sepharose CL-6B; Pharmacia LKB, Piscataway, NJ) (20). The bound material was eluted by a 0-500 mM NaCl gradient and was further passed through a reverse-phase high-pressure liquid chromatography (HPLC; Beckman Gold System), using a Nucleosil C18 column (TSK gel Super ODS; Interchim) equilibrated in 0.05% trifluoroacetic acid. Elution was performed by a linear 0-80% acetonitrile gradient and HBHA eluted at 60% acetonitrile (21). The HPLC chromatogram revealed a single peak and analysis by SDS-PAGE showed a single band after Coomassie-blue staining, indicating the absence of contamination of HBHA with other proteins.

Cell culture supernatants were frozen at -20°C until measurement of secreted cytokines/chemokines. IFN-γ concentrations were measured by ELISA (19). IFN-γ concentrations < 50 pg/ml in the non-stimulated condition and > 200 pg/ml in the positive controls were required for further analysis of the results. When detectable, IFN-γ concentrations obtained under non-stimulated conditions were subtracted from those obtained in response to HBHA. A positive HBHA-IGRA was defined as IFN-γ concentrations ≥ 50 pg/ml IFN-γ as previously determined by ROC curve analysis comparing results obtained for LTBI subjects to those of non-infected controls (19).



Multiple Cytokine/Chemokine Measurements

Based on our previous experience with M. tuberculosis-infected patients, 8 cytokines/chemokines were measured  in addition to IFN-γ in the 24 h culture supernatants of HBHA-stimulated PBMC from 12 HBHA-IGRA+ psoriatic patients and from 3 HBHA-IGRA- patients taken as negative controls: granulocyte macrophage colony-stimulation factor (GM-CSF), IFN-γ, IL-1β, IL-2, IL-6, IL-10, IL-17A, macrophage inflammatory protein (MIP-1α), and TNF-α. The cytokine/chemokine concentrations were measured by Milliplex human cytokine/chemokine kits (Merck, Belgium) according to the manufacturer’s instructions with supernatants dilution factors specific for each analyte to obtain concentrations within the standard curves. Results were analyzed with a Bio-Plex® MAGPIX™ Multiplex reader, Bio-Plex Manager™ MP Software and Bio-Plex Manager 6.1 Software (BIO-RAD laboratories, Nazareth Eke, Belgium). When detectable, the analyte concentrations in the antigen-free conditions were subtracted from those obtained with antigen stimulation. Concentrations below the detection limit were allocated an arbitrary value of 5 pg/ml, whilst results exceeding the assay’s upper limit of detection were attributed the concentration corresponding to this limit. For each marker, the positivity limit was arbitrarily determined as being minimum 4 times the detection limit or maximum 2 times the median concentration obtained for non-infected patients when cytokines/chemokines were detectable. A grey zone of doubtful positivity defined as ± 20% of the cut-off value was established for each analyte. A scale representing the intensity of cytokine/chemokine concentrations was established for each analyte from negative values to doubtful, low and strong cytokine/chemokine concentrations.



Statistical Analysis

Differences between several groups were assessed by the non-parametric Kruskal-Wallis test, followed by the non-parametric Dunn test. Differences between HBHA-induced IFN-γ concentrations at two different time-points were evaluated by the paired Wilcoxon test. A value of p <0.05 (*) was considered significant. All results were obtained with the Graphpad Prism Software version 4.0.




Results


Prevalence of M. tuberculosis Infection in Psoriatic Patients According to Standard Criteria

In Belgium, a low-TB incidence country, forty-nine adult patients suffering from psoriasis were prospectively recruited from the outpatient clinic of the Dermatology department (hôpital Erasme), as part of their evaluation before starting biotherapy. The main demographic and clinical characteristics of these patients are reported in Table 1. Eleven patients had a positive TST≥15 mm and, in the absence of clinical and/or radiological signs of aTB, were classified as LTBI. Three had a TST induration size between 10 and 14 mm, and in the context of a future biotherapy, they were considered as LTBI as recommended in Belgium, and 35 patients had a negative TST (Figure 1). TST results were probably not influenced by previous BCG vaccination recorded for 2/14 TST+ and for 4/35 TST- patients (Table 1). To avoid possible false negative TST results in patients with abnormal cellular immune responses due to their pathology and/or their treatment, QFT was performed on all patients, as now largely recommended. The QFT was positive for 8/49 patients, all of them having a positive TST (≥10 mm) (Figure 1). TST and QFT results were not correlated (Figure 2A), and the presence of LTBI risk factors was higher in the QFT+ (6/8 = 75%) than in the QFT- (3/6 = 50%) LTBI patients (Table 1). Altogether, this resulted in a pre-selection of patients for prophylactic anti-TB treatment of 14/49 patients (28.6%).


Table 1 | Demographic and clinical characteristics of the study population.






Figure 1 | Algorithm of the patients’ classification. n, number of patients; TST, tuberculin skin test; QFT, QuantiFERON TB Gold In tube; TB, tuberculosis; HBHA-IGRA, Heparin-binding haemagglutinin-interferon-gamma release assay.






Figure 2 | Correlation between immunoassays performed in psoriatic patients. (A) TST and QFT results were compared in all patients. Triangles represent patients who received anti-TB prophylaxis, open symbols represent patients with a past anti-TB treatment. (B) TST and HBHA-IGRA results were compared in all patients. Triangles represent patients who received anti-TB prophylaxis and open symbols (triangle or circle) represent QFT+ patient. TST results are given as the size of induration in mm, QFT results are expressed in international unit (UI) of IFN-γ par ml of blood, and HBHA-IGRA results are reported as concentration of IFN-γ (pg/ml) released in 24 h culture supernatants of PBMC incubated with HBHA.



Thirty-eight/49 included patients received anti-TNF-α (n=29) or anti-IL-23/12 (n=9) antibodies after inclusion in this study, and none of them developed aTB during a 2 year follow-up. An alternative therapeutic option was chosen for the other 11 patients. Among the 14 patients pre-selected for an initial prophylactic anti-TB treatment, 7 did not receive it because they reported a past-treatment for LTBI (n=5, less than 5 years before their inclusion), or for aTB (n=2 without radiological sequela) (Figures 1 and 2A with open symbols for patients with a past treatment).



Added Value of the HBHA-IGRA

As the QFT was recently reported to be less sensitive to detect LTBI subjects than previously thought, even in a healthy population (14), and as the sensitivity of the HBHA-IGRA was reported to be higher than that of the QFT and to help to stratify LTBI subjects in different subgroups (18, 22), we evaluated the sensitivity of the HBHA-IGRA to detect M. tuberculosis infection in this cohort of psoriatic patients. Among the 14 TST+ patients, 13 of them had a positive HBHA-IGRA result, indicating that the HBHA-IGRA were better correlated with the TST than the QFT (Figures 1 and 2B). The only TST+ patient with a negative HBHA-IGRA was a patient with a TB risk factor (nurse) on immunosuppressive treatment (methotrexate), with a TST induration size of 16 mm in spite of a negative QFT (Figure 2B). Among the 13 TST+ HBHA-IGRA+ patients, only 8 had a positive QFT (represented by open symbols on Figure 2B). The results of the HBHA-IGRA were not considered for the decision to provide or to avoid prophylactic anti-TB treatment, as this test was still under investigation in these potentially immunocompromised patients (Figure 1).

The HBHA-IGRA was also positive for 12/35 patients that were negative for both TST and QFT (Figures 1 and 2B). The demographic and clinical characteristics of these patients were not different from those of the TST+ patients (Table 1). A trend for lower HBHA-induced IFN-γ concentrations in these patients compared to the TST+ patients was observed, but the differences were not significant (Figure 3). These results indicate that within the all cohort of psoriatic patients, 51% of them have developed an IFN-γ response to the mycobacterial antigen HBHA.




Figure 3 | HBHA-induced- IFN-γ concentrations. IFN-γ concentrations were measured in 24 h culture supernatants of PBMC incubated with HBHA. Patients were subdivided into 4 groups according to their TST and QFT status. Boxplots represent medians and interquartile ranges (25th-75th), with whiskers (min-max). Dotted lines indicate the positivity cut-off for HBHA-IGRA. ***p ≤ 0.001; ****p ≤ 0.0001.





Serial HBHA-IGRA During Biotherapy

Twelve patients with a positive HBHA-IGRA were re-tested after one or two years of treatment with anti-TNF-α (n=7) or anti-IL-23 antibodies (n=5). Six of them were initially TST+ (with 5 QFT+ and 2/5 prophylactically treated for TB before starting the biotherapy), whereas the other 6 were TST-QFT-. They all were persistently positive in the HBHA-IGRA, and for 10/12 patients, the HBHA-induced IFN-γ concentrations were even higher during biotherapy than before treatment (p=0.002) (Figure 4). One patient, initially TST-QFT-, had a very strong increase in the HBHA-induced IFN-γ concentration between the two IGRAs (from 231 pg/ml to 39,919 pg/ml), and the QFT became positive at the second blood sampling (13.83 UI/ml) (open circle on Figure 4). This patient reported professional contact with a patient with aTB in the months preceding the second IGRA, so that following this contact, and after exclusion of aTB, he received prophylactic anti-TB treatment for LTBI.




Figure 4 | Kinetics of the HBHA-induced IFN-γ responses. HBHA-induced IFN-γ concentrations were measured in 24 h culture supernatants of HBHA-stimulated PBMC, before starting biotherapy (Y0) and 1 to 2 years later (Y1-2) in 12 patients. Triangles represent TST+ patients, and circles represent TST− patients. Open circle represents a patient in contact with a TB index case. The lines bridge results from the same patient. Filled lines indicated patients treated with anti-TNF-α antibodies, whereas dotted lines are for patients treated with anti-IL-23 antibodies. The horizontal dotted line indicates the positivity cut-off for HBHA-IGRA. *p ≤ 0.05.





HBHA-Induced Chemokines

To further characterize the HBHA-induced immune responses in psoriatic patients, we analyzed a panel of selected cytokines/chemokines induced by HBHA in 12 HBHA-IGRA+ patients, and compared the results to those obtained for 3 HBHA-IGRA-TST-QFT– patients included as controls. Among the HBHA-IGRA+ patients, 5 were TST+QFT+, 3 were TST+QFT-, and 4 were TST-QFT- (Supplementary Figure 1).

No HBHA-induced cytokine/chemokine was detected for the 3 psoriatic patients with an absence of identified immune response to M. tuberculosis (TST-QFT-HBHA-IGRA-) and hence considered as non-infected (Figure 5). In contrast, the 12 HBHA-IGRA+ patients were characterized by various profiles of HBHA-induced cytokines/chemokines. A restricted profile of HBHA-induced cytokines characterized TST+QFT+ psoriatic patients, compared to the TST+QFT- patients (Figure 5). Most TST+QFT+HBHA-IGRA+ patients secreted IL-2, TNF-α and IL-10 in response to HBHA, in addition to IFN-γ, whereas the proportion of these patients secreting GM-CSF, IL-17A, IL-1β, IL-6 and MIP-1α in response to HBHA was very low (Figure 5B), with low concentrations of these chemokines when they were detected (Figure 5A). TST+QFT-HBHA-IGRA+ patients also secreted IFN-γ, IL-2 and TNF-α in response to HBHA, but they all additionally secreted GM-CSF, IL-6, MIP-1α, and most of them also secreted IL-10 and IL-1β, and 1/3 secreted IL-17A. All these chemokines were secreted at high concentrations (Figure 5A). These HBHA-induced chemokine profiles were not a consequence of psoriasis but rather reflected the LTBI status of the patients, as they share similar profiles with LTBI subjects who did not suffered from psoriasis (V.C. unpublished). Finally, all HBHA-IGRA+ patients in spite of negative TST and QFT secreted TNF-α, IL-10, IL-1β and IL-6 in addition to IFN-γ in response to HBHA. Most of them secreted GM-CSF and MIP-1α, and 1/4 secreted IL-17A, whereas only 50% of them secreted low concentrations of IL-2 (Figure 5). The profile of HBHA-induced cytokines/chemokines was thus similar in HBHA-IGRA+ patients who were TST-QFT- and those who were TST+QFT-.




Figure 5 | HBHA-induced cytokine/chemokine profiles. PBMC from 3 different groups of patients were in vitro stimulated with HBHA during 24 h and cytokines/chemokines were measured in the culture supernatants using a multiparameter based immunoassay. (A) Heat-map of the HBHA-induced cytokine/chemokine secretions. Three TST− patients (patient n°1 to 3) were included in parallel to 5 TST+ QFT+ patients (patient n°4 to 8), 3 TST+ QFT− patients (patient n°9 to 11) and 4 TST−QFT-but HBHA+ patients (patient n°12 to 15). A color scale representing the intensity of the cytokine/chemokine concentrations was established for each analyte from negative values (1, blue) to doubtful (2, pink), low and strong cytokine/chemokine concentrations (3 to 5, from light red to dark red). (B) Radar chart of the HBHA-induced cytokine/chemokine profiles indicating the percentages of patients within each group secreting IL-1β, IL-6, MIP-1α, IFN-γ, IL-2, TNF-α, IL-10, GM-CSF and IL-17A at concentrations higher that the upper limit of the grey zone around the defined cut-off value. TST+QFT+HBHA-IGRA+ patients are represented by the dotted line (n=5), TST+QFT−HBHA-IGRA+ patients are represented by the grey line (n=3), and TST−QFT−HBHA-IGRA+ patients are represented by the black line (n=4).






Discussion

Using the recommended strategy to detect LTBI among psoriatic patients eligible to receive biological treatment, i.e. combining TST and IGRA after evaluation of the patients’ risk factors and chest X-ray results, we identified here 28.6% of LTBI psoriatic patients. This is a high proportion of LTBI patients for a low TB incidence country like Belgium where the prevalence of positive TST among healthy unexposed adolescents is 0.2% (V. Sizaire, FARES, personal communication). Among 54 adults with Crohn disease evaluated before anti-TNF-α treatment, we found only 3.7% of TST+QFT+ patients (2/54), a prevalence which remains quite low (V. Corbière, personal communication), whereas the prevalence of positive TST among TB contacts reaches 30% in Belgium (V. Sizaire, FARES – personal communication). Even if 6/50 patients mentioned a contact or a possible contact with a TB patient, the results of this study indicate that the prevalence of LTBI among psoriatic patients is elevated, in agreement with some previous reports also applying TST and/or IGRA-based guidelines for LTBI screening of psoriatic patients before anti-TNF- α treatment (15, 23). Based on TST only, 50% of patients with psoriasis who were candidates for biological therapy were treated for LTBI in Greece (23), and up to 20% in Spain (24). In these two studies, the TST cut-off level was ≥ 5 mm, which could at least partially explain the high prevalence of possible LTBI. Based on T-SPOT.TB only, 20% of psoriatic patients screened before anti-TNF-α treatment were treated for LTBI in Switzerland (25). These authors recommended to base the diagnosis of LTBI on T-SPOT.TB only rather than on TST, as most of their patients were BCG vaccinated and as they reported strong association between the T-SPOT.TB results and the presence of risk factors for LTBI (25). High prevalence of LTBI among psoriatic patients as defined by a positive TST in the Greek and Belgian studies may be attributed to possible false positive TST results due to previous BCG vaccination or immune responses to NTM. The proportion of BCG vaccinated patients in our cohort was however low (12%) as systematic BCG vaccination is not recommended in Belgium, and the proportions of TST+ (≥ 10 mm) attributable to BCG is very low (1%) if tested ≥ 10 years after BCG vaccination (13). Concerning a possible interference of NTM on the positivity of the TST, it remains unlikely even if it cannot formally be excluded. As nicely analyzed by Farhat et al. (13) in an extensive review of the literature and meta-analysis estimating the false positive TST results between 10 and 14 mm due to NTM, it appears that this proportion ranged from 0.1% in Montreal or France to reach a maximum of 2.3% in India (13). False-positive TST results due to immune responses to NTM in our study are unlikely as only two QFT- patients had TST induration size < 15 mm (between 10 and 14 mm): one of them reported active TB history during infancy, and the other was previously treated for LTBI. All the other patients considered as LTBI had a TST induration size ≥ 15mm. Finally, we cannot formally excluded that false positive TST in psoriatic patients could occur as a result of the pro-inflammatory state of their skin (26). However, if we considered only the QFT results, the incidence of LTBI in our patients cohort reached 16% which remain higher than in the general population in Belgium. We therefore conclude that psoriatic patients evaluated for LTBI when eligible for a biotherapy are characterized by a high incidence of LTBI. As previously suggested by Ramagopolan (27), this might be due to a predisposition of patients with a past TB to develop an IMID like psoriasis as 3 patients reported a past history of TB.

As LTBI is now recognized as being an heterogeneous group of individuals with different risk of reactivation of the infection, it is widely accepted that different subgroups should be identified based on different immune responses with the aim to identify those who are most likely to reactivate the infection (10, 11). In view of the high proportion of LTBI patients detected among psoriatic patients by classical tests, this is of utmost importance within these cohorts of patients to avoid unnecessary and potentially toxic preventive anti-TB treatment. By evaluating here in addition to the QFT, the IFN-γ response to a latency-associated mycobacterial antigen, HBHA, and by analyzing also a panel of other chemokines induced by this antigen, we identified different subgroups of psoriatic patients based on their immune responses to mycobacterial antigens. The HBHA-IGRA was positive in all but one TST+ patients, and may therefore eventually be proposed to replace the TST, which is difficult to perform in psoriatic patients with extensive skin lesions. Among the 13 TST+HBHA-IGRA+ patients, only 8 of them had a positive QFT defining two different groups of patients with an immune response to mycobacterial antigens. The analysis of a large array of chemokines and cytokines induced by HBHA in these psoriatic patients further allowed us to substantiate the existence of two clearly distinct subgroups. Whereas TST+HBHA+QFT- patients secreted several chemokines (IL-1β, IL-6, MIP-1α, GM-CSF), as well as IL-2, TNF-α, and for some of them, IL-17A, reported to play a role in protection against TB (28), TST+HBHA+QFT+ patients had a more restricted profile of cytokines induced by HBHA. As HBHA was reported to be a protective antigen against TB in mouse models of vaccination with HBHA followed by a challenge with M. tuberculosis (29, 30), and as in humans, HBHA-immune responses are more common in LTBI subjects and in treated aTB patients than in untreated patients with aTB (18, 21, 29), our results suggest that the broad array of HBHA-induced chemokines associated with a negative QFT may identify patients with a lower risk of reactivation of the M. tuberculosis infection. QFT+ patients are in contrast probably those with a higher risk of reactivation as they also have increased frequencies of M. tuberculosis antigens induced regulatory T cells subsets (31), known to be preferentially elevated in patients with aTB (32). Combining the results of the HBHA-induced immune responses with those of the QFT may therefore help to stratify the LTBI psoriatic patients in different subgroups and to identify patients who should be prioritized to receive prophylactic anti-TB treatment before starting biotherapy, those with a positive QFT, and not those with an isolated positive HBHA-IGRA who are better protected by their immune responses against an eventual reactivation of M. tuberculosis infection. This proposed attitude would have result in the prophylactic treatment of only 2/49 patients (4%) in place of 7/49 (14%) in our cohort of psoriatic patients.

We further identified a third group of psoriatic patients with positive immune responses to mycobacterial antigens. A subgroup of patients had positive HBHA-IGRA in spite of negative TST and negative QFT. Similarly to results obtained in TST+ patients, these HBHA-IGRA were persistently positive, often with higher responses after 1 or 2 years of biotherapy than before treatment. This suggests the existence in these patients of mycobacteria-specific memory immune responses and is consistent with a rise in intensity of IGRA responses reported previously during biotherapies (33). These HBHA-IGRA+TST- patients had less frequent LTBI risk factors than the TST+QFT+ LTBI patients, and we cannot formally exclude a possible interference from immune responses to M. avium in these patients as HBHA is produced by this NTM as well (34). However HBHA proteins produced by different mycobacteria differ in their structure and activity (34), and the importance of the precise amino acid sequence and of the methylation pattern of HBHA for its recognition by T cells from LTBI subjects was demonstrated (35). Interestingly, the HBHA-induced chemokines and cytokines profiles were very similar in these HBHA-IGRA+TST- patients to those found for TST+QFT-HBHA-IGRA+ patients. The induction by HBHA of IL-1β and IL-6 secretions in both TST+QFT- and TST-QFT- patients further suggests the possible presence in these patients of innate memory cells, as described in association with trained immunity induced by previous BCG vaccination (36, 37). These HBHA-induced immune responses do however not imply that all these psoriatic patients have an enhanced risk of TB reactivation. On the contrary, these HBHA-induced immune responses may contribute to a better protection of these patients against a reactivation or a new infection with M. tuberculosis. The development of LTBI (TST+QFT+) after exposure to a TB index case reported here in a psoriatic patient under anti-TNF-α treatment, having initially an immune response to HBHA with a negative TST, support this hypothesis and suggests that this patient was at least partially protected against the development of aTB disease.

We conclude that the incidence of LTBI in psoriatic patients is high, even in a low TB incidence country, and that sensitive immunological tests should be used to detect them. Combining different immunological tests may help to select patients who should be prioritized to receive prophylactic anti-TB treatment before starting biotherapies. Based on the indirect evidence of protective immune responses against aTB induced by HBHA in humans and on direct evidence in animal models, we propose that HBHA-IGRA+QFT- patients should not be prioritized to receive anti-TB prophylaxis before anti-TNF-α treatment, but that the persistence of their protective anti-HBHA immune response during treatment should be controlled. However, more information on the predictive value of HBHA-induced immune responses for the protection against aTB development in psoriatic patients are still needed.
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Tuberculosis (TB) accounts for disproportionate morbidity and mortality among persons living with HIV (PLWH). Conventional methods of TB diagnosis, including smear microscopy and Xpert MTB/RIF, have lower sensitivity in PLWH. Novel high-throughput approaches, such as miRNAomics and metabolomics, may advance our ability to recognize subclinical and difficult-to-diagnose TB, especially in very advanced HIV. We conducted a case-control study leveraging REMEMBER, a multi-country, open-label randomized controlled trial comparing 4-drug empiric standard TB treatment with isoniazid preventive therapy in PLWH initiating antiretroviral therapy (ART) with CD4 cell counts <50 cells/μL. Twenty-three cases of incident TB were site-matched with 32 controls to identify microRNAs (miRNAs), metabolites, and cytokines/chemokines, associated with the development of newly diagnosed TB in PLWH. Differentially expressed miRNA analysis revealed 11 altered miRNAs with a fold change higher than 1.4 or lower than -1.4 in cases relative to controls (p<0.05). Our analysis revealed no differentially abundant metabolites between cases and controls. We found higher TNFα and IP-10/CXCL10 in cases (p=0.011, p=0.0005), and higher MDC/CCL22 in controls (p=0.0072). A decision-tree algorithm identified gamma-glutamylthreonine and hsa-miR-215-5p as the optimal variables to classify incident TB cases (AUC 0.965; 95% CI 0.925-1.000). hsa-miR-215-5p, which targets genes in the TGF-β signaling pathway, was downregulated in cases. Gamma-glutamylthreonine, a breakdown product of protein catabolism, was less abundant in cases. To our knowledge, this is one of the first uses of a multi-omics approach to identify incident TB in severely immunosuppressed PLWH.
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Introduction

In resource-limited countries, human immunodeficiency virus (HIV) and tuberculosis (TB) account for a large burden of infectious disease and contribute significantly to morbidity and mortality. In 2019, there were an estimated 690,000 deaths from HIV/AIDS, with 33% of deaths attributed to HIV-associated TB (1). HIV increases the risk of reactivation of latent TB 20-fold, with escalating risk as CD4+ T cells decline (2). HIV and TB co-infection subsequently becomes a lethal combination, with each infection accelerating the progression of the other, as both lead to deterioration of immunologic function.

There is an urgent need to identify persons living with HIV (PLWH) at risk of developing TB, as these individuals could benefit from enhanced monitoring and clinical assessment. Conventional methods of TB diagnosis have limitations in PLWH, as sputum smear microscopy is negative in 24-61% cases of pulmonary TB and HIV co-infection (3). The rapid molecular assay Xpert MTB/RIF offers enhanced diagnostic capabilities but, for smear-negative cases, has an estimated sensitivity of only 55% in PLWH, compared to 67% in HIV-negative individuals (4, 5). Furthermore, the use of sputum-based diagnostic assays does not adequately address extrapulmonary TB, a more common disease in PLWH (6, 7). Thus, novel rapid molecular assays using other readily available biospecimens are urgently needed to improve the diagnosis of both pulmonary and extrapulmonary TB in HIV-infected individuals.

Increasingly, there has been a shift to using host-based assays for TB diagnosis. Mycobacterium tuberculosis infection profoundly alters host metabolism and whole-body energy consumption, and metabolites have been profiled in plasma and serum using 1H nuclear magnetic resonance (NMR) spectroscopy and liquid chromatography with tandem mass spectrometry (LC-MS/MS) (8–14). In addition to metabolites, host microRNAs (miRNAs) have been studied as circulating biomarkers for various diseases, including TB (15, 16). miRNAs are stable, small, noncoding RNAs involved in the regulation of gene expression, apoptosis, cell cycle control, and development (17), and their dysregulation has been implicated in the pathogenesis of numerous cancers and autoimmune diseases (18–20), as well as TB and other infectious diseases (21–26).

Previous studies have focused on identifying circulating host metabolite or miRNA profiles for TB diagnosis, however there are limited data on the changes of these analytes in the serum of patients with TB and HIV co-infection. Furthermore, HIV infection alone leads to changes in host serum metabolites and miRNAs (27–33), thus the profile of altered metabolites and miRNAs in TB and HIV co-infection may differ compared to either TB infection or HIV infection. In this study we used a multi-omics approach to identify metabolites, miRNA, and cytokines/chemokines associated with the development of newly diagnosed TB in PLWH, leveraging clinical data and biospecimens from the AIDS Clinical Trials Group Study 5274 “Reducing Early Mortality and Morbidity by Empiric TB Treatment” (REMEMBER) (34). We hypothesize that TB induces changes in the metabolism and inflammatory state of the HIV-infected host which can be detected in the serum and can be used for the diagnosis of pulmonary and extrapulmonary TB. The novel use of a multi-omics approach in HIV/TB co-infection could further identify contributory pathways in the development of TB and could highlight future potential therapeutic targets to aid in the prevention of TB morbidity and mortality.



Materials and Methods


Study Design

We conducted a case-control study from participants enrolled in REMEMBER, an international, multi-site, open-label randomized control trial comparing empiric 4-drug TB therapy with isoniazid preventive therapy in PLWH (34). This study assessed TB and mortality in adults with HIV and CD4+ T cell counts <50 cells/µL within 48 weeks of initiating antiretroviral therapy (ART).



Study Population

REMEMBER trial participants were recruited from 18 outpatient research clinics in 10 countries (Malawi, South Africa, Haiti, Kenya, Zambia, India, Brazil, Zimbabwe, Peru, and Uganda) (34). A total of 850 participants were enrolled from October 31, 2011, to June 9, 2014. All participants were HIV-infected, ART-naïve individuals, aged 13 years or older, with a CD4+ T cell count <50 cells/µL, and had no evidence of active TB. Participants were randomized to receive empiric 4-drug TB therapy or isoniazid preventive therapy and were all initiated on ART. At baseline, participants were screened for TB prior to enrolling, with all 18 sites using symptoms screening, microscopy for identification of acid-fast bacilli in sputum, sputum culture, chest radiography, and only 5 sites using Xpert MTB/RIF assay. Individuals were excluded if they had confirmed or suspected TB, had received TB therapy within 96 weeks prior to study entry, had received isoniazid preventive therapy 48 weeks prior to study entry, or had a household contact diagnosed with multidrug-resistant TB. Other inclusion criteria included liver transaminase (AST or ALT) levels ≤2.5 times the upper limit of normal, a creatinine clearance of at least 30 mL/min, and a Karnosky score of at least 30.

For our case-control study, we randomly selected 23 cases who developed incident TB, defined as a TB diagnosis within 48 weeks of randomization. Cases were selected from 57 TB events in the parent trial, based on sample availability. The specimen used for biomarker analysis was selected from the scheduled study visit closest to the time of TB diagnosis. Participants originated from 5 clinical sites in South Africa, India, and Peru. Incident TB cases were either microbiologically confirmed or were adjudicated by an external clinical TB endpoint review committee. For each case, up to two study-time and site-matched controls were randomly selected by incidence density sampling, with a total of 32 controls selected. For controls, a stored biospecimen within +/- 4 weeks of the time of the corresponding case TB diagnosis was used for biomarker analysis. Cases and controls were followed for 96 weeks after study entry.



Sample Collection

Six mL of whole blood was collected in plain vacutainer and was transported to the processing lab at ambient temperature within 2 hours of collection. Blood was allowed to clot up to 30 minutes and was spun at 1000-1200 x g for 10 minutes. Serum aliquots were prepared and stored at -70°C. Each site shipped serum on dry ice to the United States. Per participant, a total of one aliquot of 1mL of serum was used to complete miRNA, metabolite, and cytokine analyses.



miRNA Next Generation Sequencing (NGS)

RNA was isolated using the miRNeasy Serum/Plasma Advanced Kit (QIAGEN) according to the manufacturer’s recommendation. In brief, library preparation was performed using the QIAseq miRNA Library Kit (QIAGEN). A total of 5 μl RNA was converted into miRNA NGS libraries. Adapters containing unique molecular identifiers (UMIs) were ligated to the RNA. Then RNA was converted to cDNA with amplification of cDNA using PCR followed by sample purification. Library preparation quality control (QC) was performed using either Bioanalyzer 2100 (Agilent) or TapeStation 4200 (Agilent). The libraries were pooled in equimolar ratios and were quantified using qPCR. The library pool was then sequenced on a NextSeq500 sequencing instrument according to the manufacturer instructions. Raw data was de-multiplexed and FASTQ files for each sample were generated using the bcl2fastq software (Illumina, Inc.). FASTQ data were checked using the FastQC tool. Cutadapt (1.11) was used to extract information of adapter and UMI in raw reads, and output from Cutadapt was used to remove adapter sequences and to collapse reads by UMI with in-house script. Bowtie2 (2.2.2) was used for mapping the reads.



miRNA Statistical Analysis

The count miRNA expression matrix was examined using the DESeq2 package from R 4.0.2 to identify differentially expressed miRNAs following the comparison of cases versus controls based on the metadata (35). We defined miRNA as differentially expressed when statistical test values (False Discovery Rate adjusted p-value) were lower than 0.05 and the fold change/difference was higher than 1.4 or lower than -1.4. A total of 2555 miRNAs were used in the analysis. Candidate differentially expressed miRNAs were visualized in a volcano plot with EnhancedVolcano package from R (version 4.0.2). For the enrichment analysis, the targets from the differentially expressed miRNAs were retrieved from mirTarBase and scanned by the REACTOME database using compareCluster package from R (version 4.0.2) (36, 37). The expression values from miRNA were normalized with variance stabilizing transformation with varianceStabilizingTransformation function, without prior information of samples, and were used for downstream analysis with a decision-tree algorithm.



Quantitative Metabolomics Analysis

Sample preparation was performed at Metabolon, Inc. (Durham, North Carolina) using the automated MicroLab STAR system from Hamilton Company with quality-control analyses performed as previously described (38, 39). Briefly, for quality control purposes, numerous recovery standards were added prior to the first step in the extraction process. Organic solvent was removed by briefly placing samples on a TurboVap® (Zymark). The sample extracts were stored overnight under nitrogen before preparation for analysis by ultrahigh performance liquid chromatography-tandem mass spectroscopy (UPLC-MS/MS). All methods utilized a Waters ACQUITY UPLC and a Thermo Scientific Q-Exactive high resolution/accurate mass spectrometer (MS) interfaced with a heated electrospray ionization (HESI-II) source and Orbitrap mass analyzer operated at 35,000 mass resolution. Sample extract was dried and reconstituted in solvents for optimization of analysis as previously described (40). MS analysis used dynamic exclusion to alternate between MS and data-dependent MSn scans, with scan range covering 70-1000 m/z. Metabolon’s hardware and software were used to extract, peak-identify, and QC-process raw data, as previously described (40). Metabolon libraries of purified standards or recurrent unknown entities were used to identify compounds.



Metabolite Statistical Analysis

Group comparison analysis was performed with the omu package in R (version 4.0.2) using a nonparametric test (41). The fold-change value for each compound was estimated with the omu_summary function. A total of 621 metabolites were evaluated. Differentially abundant metabolites were defined when statistical test values (False Discovery Rate adjusted p-value) were lower than 0.05 and the fold change was higher than 1 or lower than -1.



Quantification of Serum Cytokines and Chemokines

Serum samples were thawed from storage at -80°C and were filtered using a Millipore human cytokine/chemokine magnetic bead method. Serum levels of epidermal growth factor (EGF), fibroblast growth factor (FGF-2), eotaxin/CCL11, transforming growth factor-α (TGF-α), granulocyte colony-stimulating factor (GCSF), FMS-like tyrosine kinase 3 ligand (Flt-3L), granulocyte-macrophage colony-stimulating factor (GM-CSF), fractalkine/CX3CL1, interferon-α2 (IFN-α2), interferon-γ (IFN-γ), growth related oncogene (GRO), IL-10, monocyte chemoattractant protein-3 (MCP-3/CCL7), IL-12, macrophage-derived chemokine (MDC/CCL22), IL-13, IL-15, sCD40L, IL-17/CTLA8, IL1Ra, IL-1a, IL-9, IL-1b, IL-2, IL-3, IL-4, IL-5, IL-6, IL-7, IL-8/CXCL8, IP-10/CXCL10, monocyte chemoattractant protein-1 (MCP-1/CCL2), macrophage inflammatory protein 1-α (MIP-1α/CCL3), macrophage inflammatory protein 1-α (MIP-1α/CCL4), tumor necrosis factor-α (TNFα), tumor necrosis factor-α (TNF-α/LTA), and vascular endothelial growth factor (VEGF) were measured using Luminex assays following vendor guidelines and a Luminex 100 apparatus (Luminex, Oosterhout, Netherlands), according to the manufacturer’s instructions.



Serum Marker Statistical Analysis

The Luminex data (concentrations in pg/ml) were compared across the groups using the Wilcoxon-Mann-Whitney U test, and the results were displayed in box plots.



Combining “Omics” Data for Biomarker Identification

The variance stabilizing transformation miRNA expression values, the log-transformed metabolite data, and the pg/ml values from the serum markers were combined into one dataset and were used to perform a decision-tree approach for identification of a minimal variable set to best classify the groups. The analysis input included 2555 miRNAs, 621 metabolites, and 37 cytokines/chemokines. The best tree was indicated by output from the analysis using the Complexity Parameter, which maximizes the tree classification accuracy. The machine-learning-based decision-tree algorithm, with 1000 leave one out cross-validations, was applied to identify the minimal variable (miRNA/metabolite/serum cytokine or chemokine) set which exhibited the highest classification power to describe the cases and controls with the rpart package (42). Principal Component Analysis was performed in R 4.0.2, using the function prcomp, in order to compare and visualize grouping in the source data (miRNAomics, metabolomics and cytokines/chemokines). The resulting variables were retrieved from the dataset and the classification was assessed by receiver operating characteristic (ROC) curve and the area under the curve (AUC) values. Subgroup analysis based on microbiological confirmation of TB status was not performed, as specified a priori, due to small sample size.



Ethics Statement

Local ethics committees and the Institutional Review Boards at Johns Hopkins University and participating site institutions approved this study (IRB00123874). Written informed consent was provided by all participants (NCT01380080).




Results


Study Population

Among the 23 cases of incident TB, 12 were diagnosed with pulmonary TB (PTB) and 11 were diagnosed with extrapulmonary TB (EPTB). Fourteen cases (61%) were microbiologically confirmed by smear, culture and/or Xpert MTB/RIF assay and the remaining met criteria for diagnosis of TB by an external clinical TB endpoint review committee. The characteristics of cases and controls are shown in Table 1. The median time to TB diagnosis in the cases was 4.6 weeks following initiation of ART and TB therapy (either 4-drug empiric therapy or isoniazid preventative therapy) (Supplemental Figure 1). The median time from TB diagnosis to specimen collection (occurring during a scheduled clinic visit) was 0.6 weeks. Thirty-one of 32 controls were not suspected of having TB and remained TB-free at up to 96 weeks of observation after study entry. One control had suspected TB meningitis at week 1 but was ultimately diagnosed with cryptococcal meningitis based on the presence of cryptococcal antigen in the cerebrospinal fluid. Repeating analyses excluding this control did not alter the results.


Table 1 | Characteristics of cases and controls.





Profile of Differentially Expressed miRNAs

Our analysis of differentially expressed miRNAs in serum resulted in 11 altered miRNA with a log-fold change higher than 1.4 or lower than -1.4 in cases relative to controls (p<0.05, Figure 1A). Ten miRNAs (hsa-miR-29b-3p, hsa-miR-30c-2-3p, hsa-miR-197-5p, hsa-miR-340-3p, hsa-miR-452-5p, hsa-miR-671-3p, hsa-miR-885-5p, hsa-miR-941, hsa-miR-3127-5p and hsa-miR-3605-5p) were upregulated and one (hsa-miR-215-5p) was downregulated (Figure 1A). We performed pathway enrichment analysis of target genes to investigate potential pathways predicted to be influenced by these differentially expressed miRNAs. Twenty-five pathways were found as probably influenced by the upregulated miRNAs and 4 as probably influenced by the downregulated miRNA (Figure 1B). Notable pathways targeted by upregulated miRNAs include cell cycle regulation (“PI3K-Akt signaling pathway” and “p53 signaling pathway”), endocrinological pathways, and pathways related to numerous cancers. The TGF-α signaling pathway was influenced by the downregulated miRNA (hsa-miR-215-5p).




Figure 1 | Differentially expressed miRNA in cases versus controls. (A) Volcano plot from differentially expressed miRNA identified in cases versus controls based on adjusted p-value and log fold-change of miRNA expression. Red indicates differentially expressed miRNA with both a log fold change (FC) higher than 1.4 or lower than -1.4 and a false discovery ratio (FDR) of lower than 0.05. Green indicates miRNA with a log fold change higher than 1.4 or lower than -1.4, and blue indicates miRNA with a false discovery ratio lower than 0.05. Grey indicates genes without a significant FC or FDR. (B) Enrichment analysis plots from differentially expressed genes. The dot sizes represent the gene ratio in the pathway while the fill colors are the FDR values. Only statistically significant enriched pathways are displayed.





Comparison of Serum Metabolite Levels

Our analysis revealed no differentially abundant metabolites between cases and controls. All differences in serum metabolite abundance were not significant after the False Discovery Ratio (FDR) correction (Supplemental Figure 2).



Comparison of Serum Cytokines and Chemokines

Of the 37 cytokines/chemokines measured in serum, we observed 3 with statistically significant differences between cases and controls: TNFα, IP-10/CXCL10 and MDC/CCL22 (Figure 2). TNFα was higher in cases (44.2 pg/ml) versus controls (30.25 pg/ml) (p=0.0072) as was IP-10/CXCL10 (619.9 pg/ml in cases versus 378.65 pg/ml in controls; p=0.0005). MDC/CCL22 was higher in controls (978.7 pg/ml) compared to cases (686.2 pg/ml) (p=0.011).




Figure 2 | Boxplot of pg/ml values from serum biomarkers. Red indicates cases and blue indicates controls.





Combining Omics Data for Identifying a TB Biomarker Panel in HIV Patients

A decision-tree algorithm identified gamma-glutamylthreonine and hsa-miR-215-5p as the optimal variables to classify incident TB cases (Figure 3A). Despite the absence of differentially abundant metabolites in cases versus controls, the log2 gamma-glutamylthreonine value was indicated as a classification variable in the decision tree along with variance stabilizing transformation values of hsa-miR-215-5p. Gamma-glutamylthreonine and hsa-miR-215p were less abundant in cases. This metabolite/miRNA pair was able to classify the samples with only 5 errors (Figure 3B). Of the 5 misclassifications, two were controls and three were cases. Among the cases, one was cultured-confirmed EBTB, one was non-microbiologically confirmed EPTB, and the last was non-microbiologically confirmed PTB. The metabolite/miRNA pair showed a strong ability to accurately discriminate TB cases from controls with a sensitivity of 0.81 (95% CI 0.66-0.94), a specificity of 0.78 (95% CI 0.61-0.96), and an AUC of 0.965 (95% CI 0.925-1.000) (Figure 3C). Integration of cytokine markers did not improve the AUC. Leave-one-out cross validation had an accuracy of 0.907 (95% CI 0.82-0.98), a no-information rate of 0.544, a sensitivity of 0.869, and a specificity of 0.967 with Principal Component Analysis shown in Supplemental Figure 3.




Figure 3 | Decision-tree algorithm results applied in the combined multi-omics data. (A) Decision-tree from the case and control classification. (B) Dot plot from variables selected by the decision-tree with dotted lines the decision thresholds. The boxplots parallel to X-axis show the hsa-miR-215-5p variance stabilizing transformation (VST) values by group and the boxplots parallel to the Y-axis show the log2 gamma-glutamylthreonine values by group. Cases are denoted in red and controls in blue. Circles indicate correctly classified cases and controls whereas triangles indicate misclassifications. (C) Receiver operating characteristic (ROC) curve from the decision tree variables demonstrating the sensitivity, specificity, and area under the curve (AUC) of hsa-miR-215-5p and gamma-glutamylthreonine to discriminate participants by TB status.






Discussion

In this study, we used three different modalities and integrated omics analysis comparing HIV-infected adults with and without incident TB to identify serum markers characteristic of incident TB. Our case-control study was comprised of severely immunocompromised PLWH initiating ART from geographically diverse regions. Our cases of incident TB developed despite participants receiving either 4-drug empiric TB therapy or isoniazid preventive therapy at the time of ART initiation. We found that 11 miRNAs were differentially expressed in incident TB cases, as were three serum cytokines (TNFa, IP-10/CXCL10 and MDC/CCL22), with significant differences between cases and controls. We found no differentially abundant metabolites between cases and controls at the time of TB diagnosis. Finally, a decision-tree algorithm approach using the multi-omics data revealed that two variables, gamma-glutamylthreonine and hsa-miR-215-5p, had the ability to accurately discriminate incident TB cases from controls with an AUC of 0.965. To our knowledge, this is one of the first uses of a multi-omics approach to identify incident TB in a severely immunosuppressed cohort of PLWH.

Our data contribute to a growing body of literature assessing the role of miRNAs in TB pathogenesis. Only one miRNA, hsa-miR-215-5p, was downregulated in incident TB cases versus controls. hsa-miR-215-5p, a widely studied miRNA found to be dysregulated in numerous cancers, targets genes in the cell cycle and signaling pathways, cell migration, cellular metabolism, and the TGF-β signaling pathway (18). In a case-control study of HIV-negative TB-infected participants, Wang et al. found that miR-215 was significantly increased in patients with TB following two months of treatment, relative to untreated TB patients (25). Our enrichment analysis showed the TGF-α signaling pathway as likely influenced by the downregulated has-miR-215-5p, consistent with previous studies (43, 44). TGF-α has been implicated in TB pathogenesis, through suppression of IFN-γ and with upregulated TGF-α1 inhibiting cytotoxic T-cell function in granulomas, leading to promotion of mycobacterial growth (45, 46).

Some of the pathways targeted by our identified upregulated miRNAs have been linked to TB pathogenesis, including PI3K/AKT/mTORC1 and p53. In a study of individuals with culture-proven pulmonary tuberculosis, Mycobacterium tuberculosis (Mtb) was found in vitro to inhibit signaling through the PI3K/AKT/mTORC1 pathway, leading to increased MMP-1, thus contributing to a tissue destructive phenotype facilitating granuloma cavitation and TB transmission (47). In an in vivo murine model of TB, as well as in human peripheral mononuclear blood cells, pharmacologic inhibition of the AKT/mTOR pathway also led to blunted cellular responses to Mtb (48). Tumor suppressor p53, a regulator of DNA repair, cell cycle arrest, and apoptosis, has also been found to have antituberculosis activity. Mtb has been found to suppress apoptosis in alveolar epithelial cells in vitro and this was associated with increased replication of intracellular bacteria (49). Furthermore, macrophages deficient in p53 have higher intracellular survival of Mtb and lower rates of apoptosis compared to wild type macrophages (50). The 10 upregulated miRNAs in our study found to be more abundant in the serum of cases relative to controls have not been associated with TB in prior studies (23–26, 47). The latter studies, however, did not assess the abundance of circulating miRNAs in a severely immunocompromised PLWH cohort, which may account for some of the differences in our findings.

We found that TNFα and IP-10/CXCL10 were elevated in cases at the time of incident TB diagnosis, whereas MDC/CCL22 was elevated in controls. TNFα and IP-10/CXCL10 were recently identified as two biomarkers among a 4-biomarker signature predictive of incident versus prevalent TB in a less immunosuppressed cohort of PLWH (51). IP-10/CXCL10, a chemokine secreted in response to INFγ, has been established as a biomarker of latent and active TB (52–54). IP-10/CXCL10 has also been identified as predictive of incident TB in two additional studies of PLWH (55, 56). High baseline TNFα has recently been found to be associated with incident TB in an HIV-negative cohort (57).

The field of metabolomics has been applied to the study of TB and HIV co-infection, with a recent study finding that precursors of arachidonic acid and linoleic acid metabolism were altered in a TB-IRIS group compared to a non-IRIS group (13). While we did not find any differentially abundant metabolites in our study, gamma-glutamylthreonine, a breakdown product of protein catabolism (58), did have the ability to accurately discriminate incident TB cases from controls when combined with hsa-miR-215-5p (AUC 0.965). A multi-omics approach has been increasingly employed to investigate novel mechanisms of complex diseases, offering insight into genotype-phenotype relationships (59–61).

Our study has several limitations. There is some degree of heterogeneity between cases and controls, given the multi-site nature of the REMEMBER trial and the two treatment arms of empiric 4-drug anti-TB therapy versus isoniazid preventative therapy (34). Furthermore, our highly immunosuppressed cohort of PLWH (CD4+ T cell counts <50 cells/μL) had other prevalent and incident co-infections in addition to TB, which likely contributed to further heterogeneity in our results. This could in part explain the lack of differences in serum metabolites between our two groups. Since our study was conducted in participants with advanced HIV, it is unclear if these findings would apply to an earlier stage of HIV.

Another limitation of the study pertains to the selection of controls. Given the case-control nature of the study design, one control was suspected of having TB meningitis but was ultimately diagnosed with antigen-confirmed cryptococcal meningitis. The controls remained TB-free for up to 96 weeks of observation from study entry. Although controls were screened for TB at baseline by symptoms, chest radiography, smear, and sputum culture, some controls received empiric 4-drug anti-TB therapy, which could have treated subclinical TB. However, the effect of such a misclassification would likely have minimized differences between the two groups. Nonetheless, future studies evaluating and validating these markers in participants who did not receive empiric TB therapy would be beneficial. Furthermore, based on sample availability, we had access to a relatively small sample size of cases and controls, limiting our power. We were unable to validate our findings due to limited existing databases containing cytokines, metabolites, and miRNAs studied in a similar cohort of highly immunocompromised PLWH who develop incident TB. Based on the nature of our case-control study design, we were able to evaluate markers at the time of incident TB diagnosis but were not able to extend this to a predictive model, as we did not evaluate serum markers at baseline.

Our findings could provide the basis for future blood-based studies of cytokines, metabolites, and miRNAs for validation and development of a TB diagnostic signature, however further validation is needed, particularly in geographically and ethnically diverse HIV seropositive populations with varying degrees of immune suppression. The WHO Target Product Profile for TB biomarker diagnostic tests recommends development and testing against a gold standard of confirmed pulmonary TB, with a goal specificity of ≥98% and a sensitivity of ≥65% (62). While our model had a sensitivity of 0.81 (95% CI: 0.65-0.93) at a specificity of 98%, it was developed in both confirmed and adjudicated cases of PTB and EPTB. Future directions would include testing this miRNA/metabolite pair in a larger sample of PLWH with culture-confirmed pulmonary TB. In the future, integrated omics analysis could be used in longitudinal cohorts to determine if this miRNA/metabolite pair (or other profiles) is predictive of TB progression in a severely immunocompromised HIV cohort, a group that is at high risk of developing TB and experiencing subsequent mortality due to TB.

In summary, our data indicate that two variables, gamma-glutamylthreonine and hsa-miR-215-5p, had the ability to accurately discriminate incident TB cases from controls in a severely immunosuppressed PLWH cohort. These data provide insight into dysregulated disease pathways in individuals with advanced HIV who developed active TB disease, despite receipt of TB prophylaxis at the initiation of ART.
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Despite the widespread use of BCG, tuberculosis (TB) remains a global threat. Existing vaccine candidates in clinical trials are designed to replace or boost BCG which does not provide satisfying long-term protection. AERAS-402 is a replication-deficient Ad35 vaccine encoding a fusion protein of the M. tuberculosis (Mtb) antigens 85A, 85B, and TB10.4. The present phase I trial assessed the safety and immunogenicity of AERAS-402 in participants living in India – a highly TB-endemic area. Healthy male participants aged 18–45 years with a negative QuantiFERON-TB Gold in-tube test (QFT) were recruited. Enrolled participants (n=12) were randomized 2:1 to receive two intramuscular injections of either AERAS-402 (3 x 1010 viral particles [vp]); (n=8) or placebo (n=4) on study days 0 and 28. Safety and immunogenicity parameters were evaluated for up to 182 days post the second injection. Immunogenicity was assessed by a flow cytometry-based intracellular cytokine staining (ICS) assay and transcriptional profiling. The latter was examined using dual-color-Reverse-Transcriptase-Multiplex-Ligation-dependent-Probe-Amplification (dc-RT MLPA) assay. AERAS-402 was well tolerated, and no vaccine-related serious adverse events were recorded. The vaccine-induced CD8+ T-cell responses were dominated by cells co-expressing IFN-γ, TNF-α, and IL-2 (“polyfunctional” cells) and were more robust than CD4+ T-cell responses. Five genes (CXCL10, GNLY, IFI35, IL1B and PTPRCv2) were differentially expressed between the AERAS-402-group and the placebo group, suggesting vaccine-induced responses. Further, compared to pre-vaccination, three genes (CLEC7A, PTPRCv1 and TAGAP) were consistently up-regulated following two doses of vaccination in the AERAS-402-group. No safety concerns were observed for AERAS-402 in healthy Indian adult males. The vaccine-induced predominantly polyfunctional CD8+ T cells in response to Ag85B, humoral immunity, and altered gene expression profiles in peripheral blood mononuclear cells (PBMCs) indicative of activation of various immunologically relevant biological pathways.
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Introduction

Tuberculosis (TB) remains a major global health challenge. The only TB vaccine in common use, bacillus Calmette-Guérin (BCG), is estimated to reduce the risk of severe TB in children by about 70% (1), but does not prevent contagious TB sufficiently for epidemiological control. A more efficient vaccine would have a large positive impact on global health. Correlates of protection are important to accelerate clinical vaccine development, as they allow much smaller trials of shorter duration to select promising candidates. Currently, no approved correlates of protection exist, but these could be an immunological biomarker or a combination of biomarkers (signature) that are measured in validated assays. Although absolute determinants of protection against M. tuberculosis (Mtb) are not yet fully understood, T cell immunity is strongly believed to be crucial (2). Therefore, vaccine candidates that induce or boost T cell immunity may hold the key to success. Human Mtb-specific CD8+ T cells are distinguished by both their preferential recognition of heavily infected cells and restriction by human leukocyte antigen-B (3, 4). Increasing evidence suggests that polyfunctional CD8+ T cells, that possess capacities of cytokine production and cytotoxicity (5), have an essential role in the complex interplay resulting in Mtb containment and protective immunity. Most vaccine trials have assessed immunogenicity applying T cell stimulation assays with intracellular cytokine staining to characterize changes in vaccine induced CD4 and CD8 T cell populations. However, these assays likely provide limited information on other potentially important immune effects on peripheral blood mononuclear cells [PBMCs] (6).

AERAS-402 is a replication-deficient, adenovirus serotype 35 (Ad35) containing DNA that encodes a fusion protein of three major Mtb antigens (Ags) containing both CD4 and CD8 T cell epitopes: Ag85A, Ag85B, and TB10.4 (7–9). Antigen 85A is a 32-kDa protein member of the mycolyl transferase complex involved in cell wall synthesis. It contains several CD4+ T cell epitopes and at least one CD8+ T cell epitope. Used in a vaccine, Ag85A has protected against Mtb challenge in both mice and guinea pigs (10, 11) and is immunogenic in humans (12). Antigen 85B, also referred to as α-antigen, is a 30-kDa mycolyl transferase protein (13, 14), secreted early during Mtb infection. It has been previously demonstrated to induce substantial protective immunity against aerosol challenge in the guinea pig TB test system (15). Ag85B is also a component of H4 and H56 subunit vaccines and proved immunogenic in clinical trials of these vaccines (16, 17). Antigen TB10.4 is one of the three members of the very similar ESAT-6 group of proteins found in Mtb culture supernatants and known to induce more robust polyfunctional T-cell responses in TB patients compared to Mtb-uninfected subjects with/without previous BCG-vaccination (18, 19). A fusion protein of TB10.4 and Ag85B induced a significant additive protective efficacy against aerosol challenge of tuberculosis 10 weeks after immunization of mice (20).

AERAS-402 vaccine phase I trials have previously been conducted in BCG-vaccinated healthy adults in the US (C-001-402, C-008-402 and C-009-402) (21) and South Africa (C-003-402) (22). In these studies, AERAS-402 had a safety profile comparable to other vaccine candidates (21, 23, 24). A robust induction of CD8+ T cell responses was observed that appeared to be dose-dependent in some subjects, while CD4+ T cell responses were measurable but less prominent (22). Ag85A/B were more immunogenic than TB10.4 (21). Since this study was conducted in 2011, results have been presented in Phase 2 trials evaluating an MVA85A vaccine, a modified Ankara vaccine expressing Ag85A, in infants (C-020-485) (25). H4:IC31, a candidate subunit vaccine that consists of a recombinant fusion protein (H4) and IC31 adjuvant, signaling through toll-like receptor 9 (TLR9), containing mycobacterial antigens Ag85B and TB10.4 in adolescents (C-040-004) (26) neither study showed protection of these antigens against TB infection. Additionally, results from a phase 2 adaptive dose finding study of Aeras 402 (C-029-402) showed that while AERAS-402 had a good safety profile, the immune response was lower than that seen in adults (25).

The objective of the present study (C-004-402) was to evaluate the safety and immunogenicity of the AERAS-402 vaccine for the first time in an Indian population. We performed a phase 1, double-blind, placebo-controlled study. Immunogenicity was assessed by flow cytometry, serology, and a novel high-throughput inexpensive technique for targeted gene expression profiling: Dual-color-Reverse-Transcriptase-Multiplex-Ligation-dependent-Probe-Amplification (dc-RT MLPA).



Materials and Methods


Study Approvals and Information on Consent

The study was reviewed and approved by the Government of India Directorate General of Health Services, Office of the Drugs Controller General (Biological Division), Ref no: LL/RA/825/2007 and the Independent Ethics Committee Consultants Bangalore. The phase 1 clinical trial (C-004-402) was registered at (https://clinicaltrials.gov/), and the identifier no: NCT01378312. Written informed consent was obtained from each participant prior to the conduct of any protocol-specific activity or study entry. The study was carried out following the ethical principles outlined in the Declaration of Helsinki and in accordance with the US Code of Federal Regulations for protection of human subjects (21 CFR 50), Institutional Review Boards (21 CFR 56), and the obligations of clinical investigators (21 CFR 312).



Study Design, Enrolment, and Vaccination

The study was conducted at Lotus lab, Bangalore, India (12.9303° N, 77.6217° E) between February 2011 and October 2011. The major inclusion criteria were i) age 18 through 45 years on Study Day 0, ii) had BCG vaccination at least 5 years ago, iii) documented through medical history or presence of scar, iv) has Body Mass Index (BMI) between 19 and 30 (kg/m2), v) has ability to complete follow-up period of 182 days as required by the protocol, and vi) has completed written informed consent. The major exclusion criteria were i) acute illness on the day of randomization, ii) oral temperature ≥37.5°C on the day of randomization, iii) used immunosuppressive medication/received immunoglobulin or blood products/received any standard vaccine within 42 days, iv) history or evidence (including chest X-ray) of active tuberculosis, tuberculin skin test evidence of Mtb infection, defined as 15 mm of induration or greater and laboratory test evidence of Mtb infection, v) abnormal laboratory parameters and use of intravenous drugs. Enrolled subjects were randomized 2:1 to receive two intramuscular injections of either AERAS-402 (3 x 1010 viral particles [vp]) or placebo (normal saline solution) on study days 0 and 28 (Figure 1).




Figure 1 | Study flow chart.



The sample size for this study was selected as adequate for an initial review of the developing safety profile of AERAS-402 in a BCG-vaccinated population at the selected dose level, rather than for statistical reasons. A sample size of eight subjects in the AERAS-402 treatment group permitted initial estimates of the incidence of adverse events; given eight subjects receiving AERAS-402, this study had an 80% or greater chance of detecting an adverse event with a rate of occurrence of 18% in the study population under consideration.



Follow Up and Safety Evaluations

Subjects had vital signs (blood pressure, pulse, and oral temperature) measured just before receiving each vaccination with AERAS-402 or placebo and at 30 minutes and 60 minutes post vaccination, and two days after vaccination. Blood was collected for routine clinical chemistry and hematology at screening and post vaccination. Vaccination was administered on days 0 and 28, and safety and immunogenicity were assessed on days 0, 7, 14, 28, 35, 42, 56 and 182.

Adverse events (AEs) were collected for 28 days after each immunization and solicited AEs, including assessment for local injection site reactions (pain, redness and swelling at the site of injection; arthralgia; conjunctivitis; diarrhea; dysuria; fatigue; fever; headache; malaise; myalgia; sore throat; and upper respiratory tract infection) were recorded by subjects on diary cards for 14 days after each vaccination. Serious adverse events were collected from the time of first study vaccine dosing through study day 182. Adverse events were graded by severity and relationship to study vaccine using predefined criteria.



Tuberculin Skin Test (TST) and QuantiFERON-TB Gold

TST (measured in millimeters at the transverse induration) and QFT- TB Gold tests were conducted at screening and at study day 182.



Peripheral Blood Mononuclear Cell (PBMC) Intracellular Cytokine Staining (ICS) Assay and Flow Cytometry

PBMCs were sent from Bangalore to Aeras Rockville, MD, USA. The PBMC ICS assay was performed as previously described (27). Briefly, PBMCs were thawed and rested overnight and then stimulated for 5-6 hours at 37°C with 0.4% Dimethyl Sulfoxide (DMSO; negative control), 0.5ug/mL Staphylococcal enterotoxin B (SEB; positive control) or with peptide pools, one pool per antigen (1 µg/peptide/mL with pools for Ag85A, Ag85B and TB10.4), in the presence of Brefedin A and monensin (GolgiStop and GolgiPlug), both from BD Biosciences USA and used at 1 µL per well. Peptide pools were 15mers overlapping by 11 amino acids and spanning the sequences of the vaccine encoded antigens, Cells were then stained using viability dye (Live/Dead Aqua, Invitrogen, USA), anti-CD4-V450, and anti-CD8 PE-Cy5, then fixed and permeabilized for intracellular staining using anti-CD3 APC-Cy7, anti-IFN-γ APC, anti-TNF-α FITC, and anti-IL-2 PE (all antibodies from BD Biosciences, USA). Data were acquired using a BD LSRII flow cytometer (BD Biosciences, USA) and analyzed using FlowJo software (TreeStar Inc., USA). Immunogenicity was determined by first gating on live, singlet CD3+ T cells and then gating CD4+ and CD8+ T cells and calculating the percentage of each population that was cytokine positive. DMSO subtraction was performed prior to plotting the results. The gating strategy for vaccinated and placebo recipients are provided as a Supplementary Figure 1.



Anti-Mycobacterial Antibodies by ELISA

The serum samples were tested at 1:100 dilution to measure antigen-specific antibodies by ELISA. Briefly, the ELISA was performed as follows: recombinant Mtb antigen Ag85B purified in-house at Aeras was coated at 1.5 µg/ml onto 96-well ELISA plates. The immobilized antigen was incubated with 100 µl of serum samples at 1:100 dilution to capture antigen-specific antibodies. The captured antibodies were then probed by the addition of 100 µl of biotinylated anti-IgG antibodies at 1:500 dilution and detected by adding 100 µl of colorimetric substrate solution. The substrate color development was stopped using 50 µl of stop solution and the color intensity was read using a spectrophotometer and analyzed with SoftMax® Pro 5.4.1 data acquisition & analysis software.



Adenovirus 35 Neutralization

Adenovirus 35 serum neutralization activity was assayed pre-vaccination with placebo or AERAS-402 at study day 0, and at study day 182. Briefly, neutralizing antibody titers against Adenovirus type 35 were determined using the validated neutralizing antibody assay at Crucell using a previously published method (28). Luminescence counts were recorded on a 1450 Micro Beta Trilux. Data were imported into MS Excel to calculate 90% inhibition titers.



Sample Preparation and RNA Extraction

An aliquot of frozen PBMCs were shipped from Aeras Rockville, MD, USA to Bergen, Norway for the dcRT-MLPA assay. The PBMCs were thawed at 37° C water bath and ~2 million cells (avg: 4.45, min: 0.2, max: 15.73, SD: 3.19) were immediately transferred into 1.7ml sterile RNase-free tubes containing 1ml of RNAlater®: RNA stabilization solution (ThermoFisher Scientific). Following incubation at room temperature for 1 hours, subsequently the samples were stored at -70°C for further analysis.

Total RNA was extracted from the PBMCs using the RNeasy Mini Kit (Qiagen, Hilden, Germany) with RNase free DNase on-column digestion (Qiagen, Hilden, Germany) according to the manufacturer’s instructions. The total RNA concentration and purity (A260/280 nm ratio) were measured using a Nanodrop spectrophotometer (Thermoscientific, Wilmington, Delaware, U.S.A).



Dual-color Reverse Transcriptase-Multiplex Ligation-Dependent Probe Amplification (dcRT-MLPA)

We used a novel high-throughput technique, which requires only ~125 ng of total RNA for analyzing a predefined panel of genes of interest. RNA samples from 12 subjects: 4 received placebo, and 8 received AERAS-402 vaccine (PBMC samples from six time points, i.e., days 0, 7, 28, 35, 42, and 182) were used for dcRT-MLPA analysis. A modified one-step protocol of dcRT-MLPA was used as previously described (29). A total of 150 genes (including 4 housekeeping genes), distributed in two panels were assessed, based primarily on their posited or confirmed roles in TB immunology. The first gene set contains 58 genes that included type-1 interferon-inducible genes (30) known to be upregulated in adult TB and genes associated with predicted risk for TB in South African neonates (31); the innate and adaptive gene set contains 92 genes which known for involvement in general inflammation and myeloid cell activation, and genes involved in the adaptive immune system, comprising Th1/Th2-responses, regulatory T-cell markers and B-cell associated genes (32). DcRT-MLPA probes and primers (reverse transcription gene target-specific primers, right- and left-hand half MLPA probes, FAM labelled MLPA primers, HEX labelled MAPH primers) were obtained from the Department of Infectious Diseases, Leiden Medical University, Leiden, The Netherlands. The dcRT-MLPA reagents were purchased from MRC Holland, The Netherlands. Samples with a concentration <50 ng µl-1 were concentrated at 45°C using a speed vacuum concentrator (Eppendorf AG, Hamburg, Germany). A positive control for each gene panel (using synthetic template oligonucleotides as hybridization templates) and a commercial Human Universal Reference RNA were included on each plate. The amplified PCR products were diluted 1:10 with nuclease-free water and added to a mixture of Hi-Di-Formamide with 400HD ROX size standard. The PCR products were denatured at 95°C for 5 minutes and then immediately cooled on ice. Subsequently, the PCR fragments were analyzed on a 3730-capillary sequencer in Gene scan mode (Life Technologies, Carlsbad, California, USA).



DcRT-MLPA Data Processing

Data were analyzed using GeneMapper software version 5.0 (Life Technologies, Carlsbad, California, USA). The default peak detection settings were inspected and adjusted if necessary. The peak area (in arbitrary units) was normalized against GAPDH using Microsoft Excel spreadsheet software. The genes that had no or little expression (peak area < 200 arbitrary units) were assigned to a threshold value of 200 arbitrary units.



Statistical Methods

Descriptive statistics were performed to summarize AERAS-402 adverse events and immunogenicity. Mann-Whitney test (placebo vs. vaccinated) and paired t-test (pre vaccination vs. post vaccination) analysis were performed where appropriate. No multiplicity adjustment of p-values was applied. Mean difference and corresponding standard errors were reported. IBM SPSS software version 24.0 (IBM, Bergen, Norway) was used. Dot plots were created using GraphPad Prism 8 (GraphPad software, San Diego, CA). WebGestalt (WEB-based GEne SeT AnaLysis Toolkit) (33) is one of the most widely used gene set enrichment analysis tools that help users extract biological insights from genes of interest. WebGEStalt and the Functional Enrichment Analysis (FunRich) tool (34) was applied for the gene enrichment and network pathway analysis. The top results were ranked using the Benjamini–Hochberg method for controlling the false discovery rate. A p-value < 0.05 was considered significant.




Results


Subject Demographics and Vaccination

Between Feb 2011 and April 2011, 69 subjects were screened and 12 recruited and randomized to the AERAS-402 group (n=8) or placebo (n=4). Demographic and other baseline characteristics were well balanced between the groups (Table 1). All 8 subjects in the AERAS-402 group and one subject in the placebo group received both study vaccinations; the remaining 3 subjects in the placebo group did not receive the second vaccination due to adverse events. All 12 subjects completed the study follow up period of 182 days.


Table 1 | Demographic and Baseline Characteristics.





AERAS-402 Safety

No serious adverse events were reported. All 8 subjects in the AERAS-402-group and 4 subjects in the placebo-group reported at least 1 AE after either the study day 0 or study day 28 vaccination, and the majority of AEs were mild-moderate (Table 2). One subject in the AERAS-402-group had severe AEs (transient injection site pain, myalgia, and fatigue after the study day 0 vaccination) considered related to the study vaccine, but all AEs resolved within 7 days. Two AEs were reported for more than 1 subject in both intervention groups: decreased hemoglobin (reported for all subjects in both treatment groups) and injection site pain (5 in the AERAS-402 group vs. 0 in the placebo group). Note that in this study, decrease of any magnitude in hemoglobin from baseline was recorded as an AE.


Table 2 | Number of subjects (%) with AEs for study day 0 or 28 post-vaccination.



The 3 subjects, in the placebo group that did not receive their second vaccination due to the following abnormal laboratory values at Study Day 28:

	Grade 1 hematuria which was considered unlikely to be related to study vaccine.

	Grade 3 CPK which was considered unlikely to be related to study vaccine.

	Grade 1 decreased hemoglobin which was considered not related to study vaccine.



These abnormal laboratory values were reported as adverse events. Due to the exclusion criteria specifying that laboratory values were required to be within local laboratory normal ranges in order to receive the Study Day 28 vaccination, all three subjects did not receive the second dose of study vaccine, but were followed to study completion, Study Day 182.



AERAS-402 Administered at Two Doses Induces Polyfunctional CD8+ T Cell Responses

Antigen-specific CD4+ and CD8+ expression of the cytokines IFN-γ, TNF-α, and/or IL-2 alone or in combination to the individual AERAS-402 antigens, Ag85A, Ag85B, and TB10.4, are presented by the intervention group in Figures 2A–F. AERAS-402 induced responses to Ag85B constituted the most convincing differences between the AERAS-402-group and the placebo-group. AERAS-402 induced vaccine specific CD4+ and CD8+ T-cell response (mean response) peaked at day-35 and -42 of post vaccination of both doses. However, the magnitude of CD8+ T cell responses was in general higher than CD4 T cell responses. Vaccine-induced responses peaked at study days 35 and 42 (7 and 14 days after the second dose of vaccination) and were in some cases, sustained through study day 182.




Figure 2 | T cell responses to vaccine-encoded antigens. PBMCs were thawed, rested overnight, and stimulated for 5-6 hours with DMSO (negative control), SEB (positive control), or peptide pools corresponding to the vaccine antigens Ag85A (A, B), Ag85B (C, D), or TB10.4 (E, F). Specimens were then stained for viability, phenotypic markers, and intracellular cytokine expression and evaluated by flow cytometry. Data were analyzed using FlowJo software to generate cytokine Boolean gates. Each gate was subjected to DMSO subtraction to remove background. Negative results following DMSO-subtraction were set to zero. The sum of these gates was then used to determine the total cytokine response for CD4+ (A, C, E) and CD8+ (B, D, F) T cells for the AERAS-402-vaccinated (grey bars) or placebo control (black bars) groups. Bars are plotted for each group and time point for the total response (any cytokine alone or in combination for IFN-γ or IL-2 or TNF-α). Bars represent the 25th to 75th percentile, with the cross bar representing the median response. The mean is indicated by an “x” and the error bars represent the minimum and maximum responses.



Frequencies of Ag85B-specific CD8 T cell >0.05% at day 35 and 42, were observed in 7/8 (87.5%) in the AERAS-402-group compared to 0/4 (0%) in the placebo-group (Supplementary Figure 2). Individual trajectories stratified for intervention group are demonstrated in Figures 3A, B. The most prominent CD8+ T cell subsets (Boolean gating) to Ag85B at study day 35 were the polyfunctional IFN-γ+IL-2+TNF-α+ and bifunctional IFN-γ+TNF-α+ subsets (Figure 3C).




Figure 3 | CD8+ cytokine responses to Ag85B. PBMCs were thawed, rested overnight, and stimulated for 5-6 hours with DMSO (negative control), SEB (positive control), or peptide pools corresponding to the vaccine antigens Ag85A, Ag85B, or TB10.4. Specimens were then stained for viability, phenotypic markers, and intracellular cytokine expression and evaluated by flow cytometry. Data was analyzed using Flow Jo software to generate cytokine Boolean gates. Each gate was subjected to DMSO subtraction to remove background. Negative results following background subtraction are set to zero. The sum of these gates was then used to determine the total cytokine response for vaccinated (A) and placebo control (B) groups or plotted by functionality to assess the polyfunctional response (C). Lines (A, B) are plotted for each individual subject. CD8+ Single-Gate (Boolean; C) ICS responses for Ag85B at Study Day are shown for vaccinated (gray bars) and placebo (black bars) groups. Bars represent the 25th to 75th percentile, with the cross bar representing the median response. The Mean is indicated by an “x” and the error bars represent the minimum and maximum responses.





AERAS-402 Administered at Two Doses Boosts Specific Antibody Production

Ag85B antibodies were detected in the AERAS-402-group with peak responses at study days 42 and 56. Ag85B antibodies were not measurable in the placebo-group (Supplementary Figure 3).



Anti-Adenovirus 35 Antibodies

Pre-existing antibodies towards adenovirus could affect vaccine efficacy. Therefore, Adenovirus 35 serum neutralizing activity was assessed pre-vaccination. A response >LLOQ for Adenovirus 35 serum neutralizing activity was detected in 2/8 in the AERAS-402-group and 3/4 in the placebo group (Table 3). At study day 182 of the six subjects in the AERAS-402 recipients with neutralizing activity ≤ LLOQ at study day 0, two subjects had a shift in Adenovirus 35 neutralizing activity response to >LLOQ.


Table 3 | AERAS-402 anti-Ad35 Neutralizing Activity.





Similar TST and QFT-G Responses Following Vaccination

For all 12 subjects, the TST induration and QFT were measured on screening day and study day 182. The TST mean induration decreased from screening to study day 182 in both groups (Table 4). None of the study participants had QFT conversion at day 182.


Table 4 | Tuberculin Skin Test (TST) results.





AERAS-402 Induced Gene Expression in PBMCs

Gene expression levels for 7/46 genes in the type-1 interferon inducible gene set and 24/85 genes in the innate and adaptive gene set, were undetectable in all 63 samples. For the remaining genes with detectable levels, results of the comparison of gene expression between the AERAS-402-group and the placebo-group are shown in Tables 5A, B. Post-vaccination at day 7, day 35 and day 182, transcription of IFIT5, PTPRCv2 and IL1B was upregulated (all p<0.05) in the AERAS-402-group compared to the placebo-group (Figures 4A, B, E). At day 42, the transcription of CXCL10 was upregulated (p=0.048) and the transcription of GNLY down-regulated (p=0.036) in the AERAS-402-group compared to the placebo-group (Figures 4C, D).


Table 5a | Comparison of baseline measurements of each biomarkers that changed with post-vaccination of AERAS-402.




Table 5b | Comparison of baseline measurements of each biomarkers that changed with post-vaccination of placebo.






Figure 4 | Mann-Whitney test was applied. Dot-plot graph depicting genes that were differentially expressed between the AERAS-402 and placebo recipients. Day 7 (A); day 35 (B); day 42 (C, D); day 182 (E).



We then assessed the change in gene expression profiles from baseline up to day 182 within each intervention group (Tables 5A, B). Among 132 unique genes, 33 genes were differentially expressed in the vaccination and placebo groups and were selected for functional categories and used for the enrichment analysis. WebGestalt identified the most significant gene sets and showed that the inflammasome and T cell receptor complexes were significantly ranked higher than other complexes. The Gene Ontology enrichment in the biological process is highlighted with colors based on FDR significance (Figure 5A). Each ontology consists of a set of gene ontology (GO) terms, which are organised in a hierarchy, or directed acyclic graph (DAG), as shown in Figure 5B. As expected by the fact that AERAS-402 was designed to induce T cell responses, signaling related to the T cell receptor are engaged. In addition, the FunRich arranged the differentially expressed genes into two functional categories, including biological processes and cellular components. The parameters for the interception of biological pathways are indicated in Figure 5C.




Figure 5 | Improved visualizations on the result page of WebGestalt. (A) Bar chart shows enrichment ratio or normalized enrichment score of results with direction. (B) Directed acyclic graph representation with colored nodes depicting corresponding biological process of the enriched genes in the input gene set. Functional enrichment analysis of genes using FunRich. (C) Bar graph of biological pathways in percentage of genes are shown; the blue bar represents the percentage of genes, the yellow bar represents the reference p-value=0.05 and the red bar that depicts the exact p-value.





Comparison of Gene Expression Profiles Between Pre and Post Vaccination

The gene expression profiling shows that compared to pre-vaccination, the innate immune genes (CLEC7A and NLRP3); T-cell associated genes (PTPRCv1 and TAGAP) were consistently upregulated (all p ≤ 0.05) at 4- time points in the AERAS-402-group (Table 5A). Next, compared to pre-vaccination, on day-7 after the first and second dose of vaccination (i.e., day-7 and day-35, respectively), the innate immune genes (CCL5, CXCL13) and T-cell subset specific genes (CD3E, PTPRCv2 [CD45RO]) were upregulated (all p<0.05). Similarly, on day-7 after the second dose of vaccination (i.e., day-35; Table 5A), the innate immune response NLR and NOD-like specific genes (NLRP1, NLRP3, and NOD1) were upregulated (all p<0.01). Correspondingly, at day-35 and -42, following the second vaccination, three genes that are involved in innate immunity (NLRP3, VEGF and ZNF331; p<0.05) were up-regulated, whereas the T-cell associated GZMA was downregulated (p<0.05). The changes observed in gene expression profiles suggest broad vaccine-induced changes. Notably, none of these changes were observed in the placebo-group (Table 5B).




Discussion

In line with previous phase 1 trials of AERAS-402 in other populations (22), we report an acceptable safety profile for this vaccine candidate in healthy BCG vaccinated Mtb–uninfected adults. The vaccine also induced promising immunogenicity, with robust polyfunctional T-cell responses to Ag85B predominantly in CD8 subsets that peaks at day 35 and 42, corresponding to one week following the second vaccination. There were no serious adverse events that were related to the vaccine, mild grade abnormal hematology was seen in AERAS-402 candidates.

CD4+ T cells play a central role in TB protective immunity (35, 36). Consistent with the previous report (22), AERAS-402 induced a vaccine-specific CD4+ T-cell response, which was dominated by the polyfunctional IFN-γ+TNF-α+IL-2+ subset to all antigens (Figures 2, 3). The results seen in this study are consistent with previous studies demonstrating that the vaccine-induced a robust CD8+ T-cell response against Ag85A, Ag85B and TB10.4 (Figure 2) (22). Nevertheless, to date, most new TB vaccines have been reported to induce reasonable CD4+ T-cell responses, but relatively negligible CD8+ T-cell responses, despite evidence from recent studies indicating that CD8+ T cells mediate essential roles in protective immunity against TB (5, 37–39) including cytolytic functions to kill Mtb-infected cells via granule-mediated function (via perforin, granzymes, and granulysin) and Fas-Fas ligand interaction to induce apoptosis. In humans, CD8+ T cells can produce granulysin, which can kill Mtb directly (40). Despite having the same or similar antigens, the immune response that is generated against the TB antigens can vary greatly based on the method of delivery. For example, protein/adjuvant combinations drive primarily CD4+ T cell responses and antibody responses. However, vaccines that include adenoviral vectors are better suited for stronger induction of the cellular arm of the adaptive immune system, including CD8+ cytotoxic T cells.

We report that the present study is the first TB clinical vaccine phase I trial to assess vaccine induced PBMC transcriptomes. Compared to the placebo group, two genes (IFIT5 and PTPRCv2) were upregulated in the 7-days following the 1st and 2nd dose of vaccination, respectively, while CXCL10 and GNLY were differentially expressed between the intervention groups 14-days following the 2nd dose of vaccination. Interestingly, 6 months post-vaccination IL1B was upregulated in the AERAS 402 group. These genes are evocative of robust CD4+ and CD8+ T cell responses as observed in the T-cell stimulation assay, which likely includes activation of the type-1 interferon and cytotoxicity genes. Besides, we have identified three genes (CLEC7A, PTPRCv1, and TAGAP) that are consistently induced following two doses of AERAS-402: The C-type lectin receptors are a class of signaling pattern recognition receptors, macrophages, neutrophils and dendritic cells express CLEC7A. The innate immunity component CLEC7A (Dectin-1) interacts with Mtb, leading to increased inflammatory cytokine production in macrophages (41, 42). The T-cell associated gene PTPRCv1(CD45RA) is expressed on naive T cells, as well as the effector cells in both CD4 and CD8. After antigen experience, central and effector memory T cells gain expression of PTPRcv2 (CD45RO) and lose expression of CD45RA (43). The TAGAP encodes the T-cell activation Rho-GTPase-activating protein, and expression of TAGAP induced during T-cell activation (44). The function of TAGAP is currently unknown; however, a very recent study from del Rosario RC et al. (45), have reported that, in response to Mtb infection, an up-regulation of TAGAP involved in the enrichment of differential acetylation (DA) peaks in granulocytes. The nucleotide-binding domain, leucine-rich repeat-containing protein (NLR) family play key roles in innate immune defense, including protection against several major respiratory pathogens as well as in producing key Th1 and Th17 cell-promoting cytokines (46).

AERAS-402 incorporates Ad35, which has been shown to be prevalent in only 20% of individuals in sub-Saharan Africa (47) with neutralizing titers > 200 in less than 5% of individuals; this vector is able to induce potent immune responses against the encoded target antigen. Anti-Ad35–neutralizing antibodies were present in 25% of participants in this trial before AERAS-402 vaccination, which is noticeably higher than reported elsewhere (22). AERAS-402 post-vaccination at day 182, anti-Ad35–neutralizing antibodies were detected in half of the participants in this study. In contrast, anti-Ad35–neutralizing antibodies were detected a higher proportion in the placebo than AERAS-402 recipients.

To our knowledge, we are the first to explore transcriptional profiling in a phase 1 TB clinical trial and propose that immune related transcriptional biomarkers correlate with AERAS-402 recipients and the altered gene expression profiles are indicative of activation of immunologically relevant biological pathways. No safety concerns were observed for AERAS-402 in healthy Indian adult males. The vaccine also induced promising immunogenicity, predominantly to the Ag85B antigen consisting of polyfunctional T cell responses most robust for CD8 subsets, humoral immunity and altered gene expression profiles in PBMCs indicative of a localized activation of different biological pathways. Further, pre-existing antibodies towards the viral vector may likely impact on vaccine efficacy. Nonetheless, research on vaccine biomarkers has so far received little attention as an independent scientific priority from most of the main research-funding agencies and policymakers. More efforts are necessary to highlight the importance of vaccine biomarkers on the global vaccine agenda.
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Tuberculosis (TB) remains a highly contagious public health threat. Precise and prompt diagnosis and monitoring of treatment responses are urgently needed for clinics. To pursue novel and satisfied host blood-derived biomarkers, we streamlined a bioinformatic pipeline by integrating differentially expressed genes, a gene co-expression network, and short time-series analysis to mine the published transcriptomes derived from whole blood of TB patients in the GEO database, followed by validating the diagnostic performance of biomarkers in both independent datasets and blood samples of Chinese patients using quantitative real-time PCR (qRT-PCR). We found that four genes, namely UBE2L6 (Ubiquitin/ISG15-conjugating enzyme E2 L6), BATF2 (Basic leucine zipper transcriptional factor ATF-like), SERPING1 (Plasma protease C1 inhibitor), and VAMP5 (Vesicle-associated membrane protein 5), had high diagnostic value for active TB. The transcription levels of these four gene combinations can reach up to 88% sensitivity and 78% specificity (average) for the diagnosis of active TB; the highest sensitivity can achieve 100% by parallel of BATF2 and VAMP5, and the highest specificity can reach 89.5% through a combination of SERPIG1, UBE2L6, and VAMP5, which were significantly higher than 75.3% sensitivity and 69.1% specificity by T-SPOT.TB in the same patients. Quite unexpectedly, the gene set can assess the efficacy of anti-TB response and differentiate active TB from Latent TB infection. The data demonstrated these four biomarkers might have great potency and advantage over IGRAs in the diagnosis of TB.

Keywords: tuberculosis, blood biomarkers, BATF2, UBE2L6, VAMP5, SERPING1


INTRODUCTION

Despite decades of vaccine immunization and anti-TB chemotherapy, tuberculosis (TB) caused by Mycobacterium tuberculosis (MTB) remains a devastating disease and an enormous burden to global public health, with around one fourth of the population at risk of being infected, about 10 million new TB incidences, and 1.2 million deaths worldwide in 2019 (WHO, 2019). Rapid and precise diagnosis of active TB largely represents an unmet clinical need (Pai and Schito, 2015). Traditional diagnosis has defects, such as the low sensitivity (12–15%) of acid-fast bacilli (AFB) and time-consuming nature of cultures (Akkaya and Kurtoglu, 2019). Molecular diagnostics such as Xpert MTB/RIF (Cepheid, Sunnyvale, CA, United States) can achieve a sensitivity of 34–66.7% for smear negative- Pulmonary TB (PTB) and extrapulmonary TB (Qureshi et al., 2019; Wu et al., 2019). Xpert MTB/RIF ultra can improve the sensitivity for TB but has decreased specificity compared with Xpert MTB/RIF (Wu et al., 2019; Jiang et al., 2020). Current etiological methods have limited sensitivity in smear-negative active TB, especially paucibacillary TB (Steingart et al., 2013). Therefore, etiological methods are not suitable for fast diagnosis of TB. Blood-derived biomarkers for precise and rapid diagnosis of TB are intensively studied to meet clinical needs.

The most applied blood-derived immunological method for diagnosis of TB was interferon-γ release assays (IGRAs) and tuberculin skin testing (TST), however, they cannot distinguish active TB from latent TB infection (LTBI) or HIV positive patients (Rangaka et al., 2012). Mycobacteria-specific cytokines are intensively explored as a biomarker to distinguish latent TB infection from active TB (Marc et al., 2015). The diagnostics based on biomarkers derived from blood samples have recently been intensively explored (Denkinger et al., 2015), and also meet WHO’s target product characteristics. The blood-based biomarkers’ diagnostics have great advantages (Sweeney and Khatri, 2016; Walter et al., 2016) for quick samples collection and quantification, as well as point-of-care tests (POCT) (Wallis et al., 2010). However, based on existing research results, effective biomarkers based on whole blood are still lacking.

The host transcriptome response to MTB infection is a valuable source for this end, as exemplified by the abundant National Institutes of Health Gene Expression Omnibus (NIH GEO). To transform the transcriptome data into clinically actionable TB diagnostics, we curated nine transcriptome datasets based on the whole blood from NCBI that meet the statistical criteria for effective data analysis (Figure 1A). In combination with clinical sample analysis, we determined the specificity and sensitivity of the candidate in the diagnosis of active tuberculosis. The results showed that the effectiveness of the novel diagnostic biomarker was significantly better than T-SPOT.TB. In summary, in this study, a four-gene set (UBE2L6, BATF2, SERPING1, and VAMP5) was validated as a novel method for the diagnosis of active PTB, as well as a biomarker for monitoring anti-TB treatment efficacy.
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FIGURE 1. Schematic of analysis workflow and the differentially expressed genes in PTB compared with healthy control (HC) and LTB in GSE19491. (A) Schematic of analysis workflow, (B) Volcano plot of differentially expressed genes at adjusted p < 0.05 and |log2FC| > 0.8 for PTB-HC and PTB-LTB, (C) The number of differentially expressed genes shared by PTB-HC and PTB-LTB.




MATERIALS AND METHODS


Microarray Data Information and Usage in Discovery/Validation Stage

Gene Expression Omnibus (GEO) datasets from published microarray-based studies of PTB versus LTBI or other diseases were collected for data mining. From the nine datasets (GSE19491, GSE40553, GSE56153, GSE42834, GSE39941, GSE37250, GSE103119, GSE94438, and GSE124548), 2804 samples were obtained (Table 1). After screening for the most relevant and comprehensive blood samples, 1654 samples were kept for further study. However, most samples are highly heterologous for processing methods, and cannot be directly used for analysis. GSE19491 has very comprehensive information with a large number of samples and was assayed by the same laboratory with uniform methods. Multiple individuals were included in this dataset, such as PTB, LTBI, HC, and other pulmonary diseases. Additionally, the change of transcriptome during treatment monitoring was also analyzed. Specifically, three subseries (GSE19439, GSE19442, and GSE19444) in GSE19491 containing the transcriptome data of TB, LTB, and HC were used for gene differential expression and correlation analysis. Therefore, GSE19491 was used as the discovery dataset to find the differential expression by Limma, correlation by WGCNA, and time-course trend by STEM.


TABLE 1. Geo information used in this study.

[image: Table 1]GSE40553 and GSE56153 contained the time-course transcriptome data of TB patients post treatment. GSE42834 contained patients with active TB or miscellaneous pulmonary diseases. GSE37250 and GSE39941 are samples from patients of TB and other diseases with or without HIV co-infection. GSE94438 samples are from household contact subjects (Suliman et al., 2018). Thence, we chose the six datasets for validation.

Another three datasets (GSE103119, GSE124548, and GSE42834) were used to validate the biomarker specificity. GSE103119 contained patients with pneumonia caused by bacteria or virus (except MTB) and healthy subjects, while GSE124548 samples are from cystic fibrosis patients, used to differentiate pulmonary diseases.

Datasets first underwent quantile normalization and were log2 transformed. We mapped the probes to gene symbols based on the probe data before Dec 5, 2018 from GEO.



Identification of Biomarkers From Multiple Datasets

In order to discover the molecules most likely to be biomarkers of tuberculosis from the data set, we combined multiple data analysis methods: Differentially expressed genes (DEGs), Co-expression network analysis, and Time series analyses.



Real-Time qPCR Validation of Differentially Expressed Genes by Prospective Clinical Study

Patients who met inclusive criteria were prospectively enrolled into this study from January 1, 2019 to July 31, 2019 in Shanghai Pulmonary Hospital. The study was approved by the Institutional Review Board of Shanghai Pulmonary Hospital, School of Medicine, Tongji University (approval number: K17-022) and the enrolled patients signed informed consent forms. Included patients donated 2 ml peripheral venous blood for RNA extraction.

The inclusion criteria are: patients diagnosed with pulmonary TB (PTB), lung cancer, or pneumonia; those who are serum HIV negative; and patients willing to be included in this study. Diagnostic standards were as followed: PTB was diagnosed by MTB MGIT 960 culture positive consistent with WHO guidelines of diagnosis and treatment on pulmonary tuberculosis (19); lung cancer was confirmed by pathology examination; and pneumonia was diagnosed according to the national guideline.

The exclusion criteria are: patients with an uncertain diagnosis, HIV positive patients, those taking immunosuppressive agents, cases complicated by cancer or other complications or other pulmonary diseases, or patients reluctant to attend the study.

Quantitative real-time PCR (qRT-PCR) was used to validate the differential expression of the four shortlisted genes in blood samples from participants. 2.0 mL peripheral venous blood was taken directly into PAXgene blood RNA tubes (PreAnalytiX, Hombrechtikon, Switzerland) and stored at −20°C for use. RNA was extracted from PAXgene tubes stored blood. Before analysis, all test samples and primers were assigned random numerical codes that masked the disease, control status, and the gene identity. The qRT-PCR-based validation and GEO data mining were done in a fully blind manner. The primers used are listed in Table 2. The gene expression levels were quantified relative to the transcription of β-actin by using an optimized comparative Ct (ΔΔCt) value method.


TABLE 2. Primers used in this study.
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Validation of TB Score

By data mining and validating by clinical study, we defined the geometric mean of the four gene transcription levels as the TB score ([image: image] (Sweeney et al., 2016). This TB score was directly tested for diagnostic power by receiver operating characteristic (ROC) curves using the R package pROC. Violin plots showed the TB score for a dataset response to treatment at specific time points. Violin plot error bars showed the inter-quartile range (IQR) between non-normal distributions within subsets. Between-groups TB score comparisons were done with the Wilcoxon rank sum test. Significance levels were set at two-tailed p < 0.05. All computation and calculations were done in the R language (version 3.5.1).



T-SPOT.TB Assay

T-SPOT.TB was performed in accordance with the manufacturer’s instructions (Oxford Immunotec Ltd.). Blood samples were collected immediately prior to the tests in order to avoid potential interferences, and patients who received blood transfusions or underwent positron emission tomography-computed tomography scans within 1 week of the test were recommended to undergo a second test 2 weeks later. Peripheral blood mononuclear cells (PBMCs) were separated from blood samples using Ficoll-Hypaque gradient centrifugation at 400 × g for 30 min at 20°C. PBMCs were seeded on precoated IFN-γ ELISpot plates and incubated with media without an antigen (as a negative control), media containing peptide antigens derived from ESAT-6 (labeled panel A) or peptide antigens derived from CFP-10 (labeled panel B), or media containing phytohemagglutinin (as a positive control) in a 5% CO2 atmosphere at 37°C for 20 h. 29–31. After counting the number of spot-forming cells, results are reported with negative control results subtracted (i.e., measured sfu number minus sfu number of negative control), according to the recommendations of the manufacturer. The values for ESAT-6 (panel A) and CFP-10 (panel B) were also scored individually using the same procedure and the maximum of them was regarded as the final result of T-SPOT.TB. All T-SPOT.TB testing was performed before the patients were prescribed anti-TB medications.



Statistical Analysis

Statistical and machine learning methods (R packages: limma, WGCNA, pROC, and STEM software) were employed to discover and validate the biomarker genes for TB diagnosis and treatment response based on the mRNA levels in blood samples. The analyses were carried out using scripts written in Rstudio. The differences in gene expression levels between TB patients’ and healthy controls’ blood samples were compared using the Wilcoxon test. Multiple comparisons were carried out in patients with lung cancer, pneumonia, and TB by Kruskal-Wallis. Significance levels were set at p < 0.05.



RESULTS


Four Candidate Biomarker Genes Were Found by Integrating the Results of DEGs, WGCNA, and STEM Analysis

The DEGs in the three subseries of GSE19491 were analyzed using the limma package following data preprocessing. A total of 555 DEGs were identified, including 336 up-regulated genes and 219 down-regulated genes in PTB compared to HC and 175 DEGs w including 131 up-regulated genes and 44 down-regulated genes in PTB compared to LTB (Figure 1B). Finally, 117 DEGs were found to be shared by both PTB-HC and PTB-LTB, containing 98 up-regulated genes and 19 down-regulated genes (Figure 1C).

4807 genes in 134 samples were analyzed by WGCNA to find the modules of highly correlated genes. By a power of 8, 14 modules were found (Figure 2A). Among all modules, the black module with 270 genes had the highest correlation coefficient (p = 5e-24; r = 0.74) with PTB (Figure 2B). An intra-modular analysis of GS and MM of the genes in the black module found that GS and MM were significantly correlated (p = 6.6e-70; r = 0.83), further supporting that the genes in the black module were highly correlated (Figure 2D). To investigate whether these modules are conserved in our network, two independent datasets of GSE37250 and GSE42834 datasets were used to test the preservation of these modules. Zsummary > 10 indicates high preservation. Black modules in the GSE37250 and GSE42834 had Z-summary 20, 24, indicating they are well-preserved network in our study (Figure 2C).
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FIGURE 2. Co-expression analysis of WGCNA in the three subseries. (A) Cluster dendrogram showed that all genes were assigned to one of 14 modules. (B) Correlation between modules and traits. The upper number in each cell refers to the correlation coefficient of each module in the trait, and the lower number is the corresponding p-value. Among them, the black modules were the most relevant modules with TB traits. (C) The preservation Zsummary of the black module was 20 for GSE37250 (left), and 24 for GSE42834 (right), Zsummary > 10 indicates high preservation. (D) A scatter plot of GS for TB versus the MM in the Black module. Intramodular analysis of the genes found in the Black module, which contains genes highly correlated with PTB, with p = 6.6e-70 and correlation = 0.83. (E) There are 63 genes present in the DEGs, WGCNA black module, and STEM profiles. (F) 63 key genes, 30, 19, 11, and 3 were assigned to 3, 2, 0, and 4 profiles.


To minimize the candidate genes for biomarkers, we conducted a comparative analysis and found 63 genes (Supplementary Table 1) present in the DEGs, WGCNA black module, and STEM profiles (Figure 2E). Of the 63 key genes, 30, 19, 11, and 3 were assigned to 3, 2, 0, and 4 profiles (Figure 2F). They were significantly enriched in immune response related terms in the GO, Reactome pathway, and Uniprot keywords enrichment analyses by STRING website (Szklarczyk et al., 2017). This result encouraged us to further explore the roles of the 63 genes in TB.

Too many genes might be counterproductive for rapid and precise biomarker diagnosis. We further shortlisted the 63 genes to four genes (SERPING1, BATF2, UBE2L6, and VAMP5), due to their highest GS and MM in the black module, reduced constantly in STEM profile 3, and differentially expressed in both the PTB versus LTB and PTB versus HC. Together, the transcriptional levels of the four genes correlated with TB and changed significantly during treatment. It implied that the four genes might play essential roles in the development of TB and could be candidates for new diagnostic biomarkers.



Four Genes Showed Good Clinical Performance by Real-Time qPCR Validation in Peripheral Blood From Patients

To validate the clinical efficacy of the four genes, 150 participants were included; of them, 14 cases were excluded due to obscure diagnosis, and a total of 126 participants were finally enrolled into the study. They were classified into four groups: 51 cases with active PTB, 30 cases with pulmonary lung cancer (TUMOR), 30 cases with pneumonia (INFLA), and 15 cases as healthy donor (HC). Patient’s clinical characteristics were shown in Table 3.


TABLE 3. Patient’s information.

[image: Table 3]The transcription levels of the four genes were detected by qRT-PCR. The results showed that BATF2, SERPIG1, UBE2L6, and VAMP5 were significantly increased in PTB compared with HC (Wilcoxon test, P < 0.05).

We further plotted the ROC curve to evaluate diagnostic power (Figure 3). The results showed that the diagnostic power of a single gene was relatively lower than their combination and the ROC curve of each gene is different from these of TB score by genes combination (venkatraman method (Venkatraman, 2015), P < 0.05). In the patient samples, the combination of three genes (BATF2-SERPIG1-VAMP5 and BATF2-SERPIG1-UBE2L6) or two genes (BATF2-SERPIG1 and SERPIG1-VAMP5) can improve the diagnostic performance, and there was no difference in the ROC curve in between those matches with the four-gene combination (Supplementary Image 1). The results from Chinese patients were different from those reported in the GEO data in which the combination of four genes showed better performance. The performance of four gene combinations in Chinese patients can reach up to 100% for sensitivity or specificity, the average sensitivity or specificity is AUC = 0.84, sensitivity = 88%, and specificity = 78%, similar to that by pure GEO datasets analysis from a non-Chinese population, which has an AUC = 0.86, sensitivity = 86%, and specificity = 81%.
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FIGURE 3. Performance of the genes by using ROC curve and the difference between the ROC curve of each gene and TB score.




The Diagnostic Efficacy of the Four Genes for Active TB Is Significantly Higher Than That of T-SPOT.TB Conducted Over the Same Patients

To compare the four candidate biomarkers and T.SPOT’s performance for the diagnosis of active TB, all patients were tested by T-SPOT.TB. 75.3% sensitivity and 69.1% specificity were found, suggesting that the diagnostic accuracy of T-SPOT.TB for active tuberculosis is significantly lower than the four genes in areas with high TB burden.



Four Genes Have Good Specificity for Active TB Diagnosis

In the clinic, other lung diseases often confound the accuracy of tuberculosis diagnosis to a large extent. The diagnostic specificity of candidate markers is crucial. In order to verify the specificity of the four genes, we examined TB score in independent gene expression datasets from clinical TB samples, comparing its efficacy among four types of comparisons by ROC curve (Figure 4): (1) PTB versus HC [AUC 1.00 (95% CI 0.99–1.00)] and other pulmonary diseases : PTB versus sarcoidosis AUC 0.69 (95% CI 0.63–0.74); PTB versus Lung cancer AUC 0.95 (95% CI 0.92–0.97); PTB versus Pneumonia AUC 0.91 (95% CI 0.87–0.95) in GSE42834 (Figure 4A); (2) active TB versus LTBI with HIV (AUC 0.84 (95% CI 0.82–0.87)] and active TB versus LTBI without HIV [AUC 0.92 (95% CI 0.90–0.94)] in GSE37250 (Figure 4B); (3) active TB versus other diseases with HIV [AUC 0.76 (0.72 −0.81)] or without HIV [AUC 0.80 (0.77–0.84)] in GSE39941 (Figure 4C); and (4) active TB patients response to treatment at specific time points (GSE40553 and GSE56153). The TB score did well across all conditions (mean AUC 0.86, sensitivity 86%, and specificity 81%) except sarcoidosis, which might be due to the common disease-related signatures in TB and sarcoidosis (Maertzdorf et al., 2012).
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FIGURE 4. Four genes have good specificity for active TB diagnosis. (A,D) PTB versus HC and other pulmonary diseases, (B) active TB versus LTBI with HIV and active TB versus LTBI without HIV, (C) active TB versus other diseases with HIV or without HIV in GSE39941. (E) The four genes can predict whether close contacts of tuberculosis patients will develop active TB.


We further examined the transcription level of the four genes in blood samples from patients with tumors (TUMOR) and pneumonia (INFLA). The results showed that the transcription of the four genes in PTB was significantly higher than that in HC, TUMOR, and INFLA (Figure 4D). The transcription of SERPIG1 were about 3–7 times in PTB compared with HC, TUMOR, and INFLA. Those in HC, TUMOR, and INFLA were almost identical, but they were about 3–7 times in PTB compared with HC, TUMOR, and INFLA. The transcription levels of BATF2, UBE2L6, and VAMP5 in TUMOR and INFLA were also similar and were slightly higher than those in HC. However, the transcription levels of the above three genes in PTB were about 3–8 times higher than those in TUMOR and 3–15 times higher than that in INFLA (Supplementary Table 2).

In addition, the four genes can also predict whether close contacts of tuberculosis patients will develop active TB. According to GSE94438, TB score can effectively identify those who developed TB 18 months after contact with active tuberculosis [AUC 0.87 (95% CI 0.81–0.93)] (Figure 4E).



The Four Genes Can Also Be Biomarkers for Treatment Efficacy and Differential Diagnosis via Cross-Validation of TB Score in Independent Test Datasets

As expected, when we investigated TB score in the discovery datasets, we found the four-gene set can differentiate active TB from HC with AUC 0.97 (95% CI 0.95–0.99) and differentiate active PTB from LTBI with AUC 0.94 (95% CI 0.92–0.96) (Figure 5A). The scores of TB patients decreased significantly after effective treatment (Figure 5B).
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FIGURE 5. Diagnostic performance of TB score by using ROC curve in GSE19491 and violin plots in GSE19491, GSE40553, and GSE56153. (A) Four genes can distinguish PTB and HC, and can differentiate active PTB from LTBI. (B) The scores of TB patients decreased significantly after effective treatment. (C) The TB score was significantly decreased after treatment for PTB. (D) The TB scores of patients return to normal after treatment between healthy control and recovery patients.


The transcription of the four genes decreased gradually with effective TB treatment in GSE40553 and GSE56153 databases (Supplementary Image 2). Therefore, we tested whether TB score of the four genes can be used to assess the treatment response in databases. For the active TB patients under lengthy treatment, the TB score was significantly decreased after treatment (Figure 5C). In GSE56153, the TB scores of patients returned to normal after treatment between healthy control and recovery (Figure 5D, Wilcoxon p > 0.05). The results indicate that the four genes can be biomarkers to monitor treatment efficacy. In summary, the four gene’s signatures are excellent specific TB diagnostic biomarkers in the pilot test. However, multiple center clinical studies with more cases should be conducted in the future.



DISCUSSION AND CONCLUSION

Novel biomarkers for rapid and reliable TB diagnosis and treatment efficacy monitors are urgently needed to reduce or eliminate the global burden of TB. Here, we used both a prospective study and public datasets with more than 1,000 whole blood patient samples across a range of ages and countries to find diagnostic biomarker genes for the diagnosis of active TB. We found a four-gene set (UBE2L6, BATF2, SERPING1, and VAMP5), and cross-validated it in five additional independent whole blood datasets. The results showed that the four-gene set is robust for the diagnosis of active PTB with other pulmonary TB and HC, while the diagnostic performance is not affected by HIV status based on the datasets. In addition, the four-gene set can help to distinguish active TB from LTBI, which is usually accomplished by TST or IGRAs test. More importantly, we have confirmed that the accuracy of the novel detection method is significantly higher than that of the IGRAs test. The transcription levels of the four-gene decreased stepwise upon effective treatment and could also be biomarkers to monitor treatment efficacy. Whether they can be biomarkers for treatment failure or relapse remains to be determined. Our data indicated that the combination of the four gene set can reach sensitivity of 88 and 78% specificity for the PTB which were significantly higher than 75.3% of sensitivity and 69.1% of specificity by T-SPOT.TB in the same cohort population. The novel biomarkers can reach as high as 100% sensitivity by parallel of BATF2 and VAMP5 and 89.5% specificity by combination of SERPIG1, UBE2L6, and VAMP5. The most effective three gene combination is BATF2-SERPIG1-VAMP5 with 77% specificity and 91% sensitivity for the diagnosis of PTB. The most effective combination of two genes is SERPIG1-VAMP5 (76% specificity and 86% sensitivity).

The host immune response is crucial for the outcome of active TB. However, the genes and pathways involved in host immune response to M. tuberculosis infection or persistence remain elusive. Based on Genecards annotation, the four genes are all involved in well- established immune response, but very few studies associated them with TB. The protein-protein interaction network of the four genes constructed via STRING-DB database showed that they are strongly associated with ubiquitination, immune cell differentiation, complement activation, and vesicle trafficking (Supplementary Image 3), which are important cellular responses during host interaction with M. tuberculosis. BATF2, also called SARI, is a member of the BATF subfamily of basic leucine zipper proteins regulated by interferon and an inhibitor of AP-1 in human cells (Haiqing et al., 2011), which controls the differentiation of lineage-specific cells in the immune system (Murphy et al., 2013), and Batf2/Irf1 induces inflammatory responses in mycobacterial infection (Sugata et al., 2015). Ubiquitin conjugating enzyme E2 L6 (UBE2L6) serves as an E2 enzyme for post-translational addition of an ubiquitin-like protein ISG15 which is vital for antiviral immunity (Skaug and Chen, 2010) and is involved in the type-I interferon response in active TB disease (Ottenhoff et al., 2012). Vesicle-associated membrane protein 5 (VAMP5) is a member of the SNARE protein family, which regulates the docking and fusion of intracellular membrane vesicles (Hong, 2005) and is involved in the development or function of the respiratory system (Ikezawa et al., 2018). VAMP5 controls intracellular transport events, including endocytosis, exocytosis, and internal recycling (Tajika et al., 2014). SERPING1-encoded serpin peptidase Inhibitor (C1Inh), a member of a large family of serine proteases, can influence the complement C1q levels which can mark active disease in human tuberculosis (Cai et al., 2014; Horwitz et al., 2019). By single cell RNA-seq transcriptome of patients with tuberculosis, we found that four genes are highly expressed in white blood cells of patients with tuberculosis. In general, the levels of these four genes in CD14+ or CD16+ monocytes show the highest trend, among which VAMP5 is relatively higher. This is consistent with the role of monocytes in tuberculosis bacteria. VAMP5 is involved in vesicle transport and has the highest level in monocytes. In addition, the complement activation pathway may also be involved in the elimination of tuberculosis. The sequence-structure-function of the found protein is closely related to its predicted role in tuberculosis. The specific high expression of these genes in TB patients may suggest that they play an important role in the immune response against tuberculosis. Our ongoing study found that the inhibition of BATF2 can benefit the host, suggesting a promising drug target. In addition to the four genes, 63 other key genes we identified were intensively associated with immune response by functional enrichment analysis. Further exploring the immune roles of the 63 genes is worthwhile and might provide more biomarker candidates.

The datasets used in our study have been used by other teams to explore TB diagnostic biomarkers. There is surprisingly little overlap between our results and other reports. Kaforou and colleagues (Myrsini et al., 2013) identified a 44-transcript signature which can distinguish PTB from other diseases (including only one of our genes, SERPING1) and a 27-transcript signature which can distinguish TB from latent TB (including only one of our genes, VAMP5). Berry et al. (2010) found an 86-gene signature which is related to neutrophil-driven type I interferon (no overlap with our four genes) and can discriminate PTB from other inflammatory and infectious diseases. Bloom et al. (2013) identified 144-transcript signature which distinguished PTB from other lung diseases and controls (none of our four genes in it). Anderson et al. (2014) assessed transcript signatures in children and found a 51-transcript signature for distinguishing TB from other diseases (including only one of our genes, VAMP5) and 42-transcript signature for distinguishing TB from latent TB infection (none of our four genes were in it). Bloom et al. (2012) reported an active TB 664-transcript signature and a treatment-specific 320-transcript signature significantly diminished after 2 weeks of treatment. Zak et al. (2016) identified a 16 gene signature which can predict tuberculosis progression. The size of their gene panel is too large to be clinically affordable or actionable for rapid qRT-PCR-based assay. In contrast, our four genes can differentiate active TB from latent TB and other diseases. The four-gene set will reduce the cost in its clinical qRT-PCR-based diagnosis. Similarly, Costa et al. (2015) found a three-gene set (GZMA, GBP5, and FCGR1A), Sutherland and colleagues (Maertzdorf et al., 2016) found a four-gene set (GBP1, IFITM3, P2RY14, and ID3), Ottenhoff et al. (2012) found a three-gene set (IL15RA, UBE2L6, and GBP4), Sweeney et al. (2016) found a three-gene set (GBP5, DUSP3, and KLF2), and Roe et al. (2019) found a three-gene set (BATF2, GBP5, and SCARF1) in blood samples that can distinguish TB. But our biomarker genes are different and validated in a Chinese population.

The discrepancy between our result and other reports might have resulted from the ethnicity or the bioinformatic pipelines. Our approach uniquely integrated three bioinformatics methods and validated the results by prospective study in a Chinese population. We explored transcript signatures via integrating differential expression genes, co-expression networks, and expression trends, which can interpret the expression data from multiple dimensions. This rigorous pipeline might underlie the good performance of the four genes. However, this pipeline might miss some candidate biomarkers. There might be additional biomarker genes which can be included for better performance in regions with low incidence rates of active tuberculosis.

Although there are some reports that clearly affirm that some of these genes can be used as a biomarker for TB diagnosis, the effectiveness of a single gene is flawed. The flexible application of the four genes set that we found is a fast and effective diagnostic method for active TB disease. Moreover, this four genes set can also be used as detection molecules for the treatment effect of TB, and are expected to play an important role in quickly distinguishing PTB from LTBI.

In summary, we demonstrated that the four-gene set (BATF2, UBE2L6, VAMP5, and SERPING1) is a robust blood-based diagnostic for active TB across seven datasets containing more than 1,200 clinical samples, the sensitivity or specificity of which can reach 100%, though the mean AUC = 0.86, sensitivity = 86%, and specificity = 81%. They span a variety of age, infection or exposure status, ethnicity (Sutherland et al., 2014) and genetic backgrounds, and diverse circulating lineages of M. tuberculosis. This was further validated in 126 human blood specimens from a Chinese population. The four-gene set can serve as biomarkers to improve clinical diagnosis and treatment response monitoring of TB.
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The end TB strategy reinforces the essentiality of readily accessible biomarkers for early tuberculosis diagnosis. Exploration of microRNA (miRNA) and pathway analysis opens an avenue for the discovery of possible therapeutic targets. miRNA is a small, non-coding oligonucleotide characterized by the mechanism of gene regulation, transcription, and immunomodulation. Studies on miRNA define their importance as an immune marker for active disease progression and as an immunomodulator for innate mechanisms, such as apoptosis and autophagy. Monocyte research is highly advancing toward TB pathogenesis and biomarker efficiency because of its innate and adaptive response connectivity. The combination of monocytes/macrophages and their relative miRNA expression furnish newer insight on the unresolved mechanism for Mycobacterium survival, exploitation of host defense, latent infection, and disease resistance. This review deals with miRNA from monocytes, their relative expression in different disease stages of TB, multiple gene regulating mechanisms in shaping immunity against tuberculosis, and their functionality as biomarker and host-mediated therapeutics. Future collaborative efforts involving multidisciplinary approach in various ethnic population with multiple factors (age, gender, mycobacterial strain, disease stage, other chronic lung infections, and inflammatory disease criteria) on these short miRNAs from body fluids and cells could predict the valuable miRNA biosignature network as a potent tool for biomarkers and host-directed therapy.




Keywords: monocyte and macrophage miRNAs, tuberculosis, differential expression, immune regulation, autophagy and biomarkers



Introduction

Tuberculosis being the life-threatening disease caused by Mycobacterium tuberculosis (MTB) is intricate to understand their mycobacterial-mediated host immune subversion. The intracellular nature and delayed cell division of MTB added access to dodge the host microbicidal effect for its survival. The host’s innate defense ability and the pathogen’s strategy in evading the host’s immunity determine the sequel of TB infection (1). MTB establishes infection through multiple modalities, such as i) circumvent phagolysosome fusion and phagocytosis destruction; ii) neutralize the acidic environment (2, 3); iii) blocks the formation of the apoptotic envelope (4); iv) inhibits the plasma membrane repair, leading to the spread of infection through macrophage necrosis (5); v) suppresses activation of immune cells and antigen presentation; vi) limits the proinflammatory response by restricting proinflammatory cytokines; and vii) modulates the disease responsive genes and miRNAs through their targeted pathways. The disease becomes complex as the stages of infection are varied from latency to drug resistance because of the evolution of MTB strains. One third of the population exhibit latent infection, in which MTB remains dormant for a long period and becomes susceptible to the active disease under immune compromised condition. This latency is a menace to mankind as the diagnosis and its effective treatment toward breakdown of the disease in future need unbridled enthusiastic investigations. However, the management of the latent condition can be made possible with public awareness by improving the incidence of TB determinants, such as malnutrition, poverty, smoking, and diabetes, or through the development of new treatment or vaccines (6). The emergence of drug-resistant Mycobacterium due to poor treatment adherence (acquired resistance) and the transmission of drug-resistant strains (primary resistance) is another peril in TB research toward the end TB strategy (7). The multi-drug resistance and its treatment pose multiple challenges as it requires prolonged treatment duration, complex drugs (second-line fluoroquinolones) that may affect adherence along with lower treatment success rate (6). Other co-morbidities, like AIDS and diabetes, intensify TB disease pathogenesis.

Mononuclear cells (monocytes/macrophages) are professional phagocytic defenders against TB infection (8). The disputed behavior of monocytes as a defender against antimycobacterial activity exhibited by CD16neg subset and habitat for MTB promoted by CD16pos subset is well accepted for TB disease (9, 10). The disease-specific perturbation in the mononuclear cell subsets and their immune phenotypes contributed to underlying pathophysiology and as biomarkers for MTB infection. However, the unresolved mechanisms and the pathways affected can be studied through the molecular impression of these subsets from omics platforms in a quest for differentially expressed mRNAs and miRNAs. miRNAs are short, biologically conserved noncoding RNAs that participate in the regulation of inflammatory response, tumorigenesis, and other biological processes. Several studies focused on miRNAs revealed altered miRNA levels during infection and their impact in modulating immune functions within macrophages from TB patients (11–13). Thus, miRNA studies open up new avenues and fascinate the researchers for constructing miRNA-based vaccines, biomarkers, and host-directed therapies. This review is focused on monocyte/macrophage miRNAs, their differential expression, regulatory function, and biomarker utility in tuberculosis disease.



miRNAs

Micro RNAs are discovered as biologically conserved, short noncoding RNAs (14–16) that constitute 18 to 25 nucleotides in length. This groundbreaking innovation by Ambros and Ruvkun prompted the researchers to investigate their functional behavior toward host immune regulation and disease pathogenesis, which resulted in the exponential growth of published studies on miRNA reported by Almeida et al. (17).

miRNAs work as mRNA repressors inhibiting protein synthesis (18), translational activators (19), and molecular decoys for RNA-binding proteins (20), depending on the environment and cell type. The processing, maturation, expression, and action of miRNAs are regulated through multiple mechanisms: a) single-nucleotide polymorphism interfere with the processing and maturation of miRNAs that affect their expression profile (21); b) modulation of epigenetic mechanisms, such as histone acetylation and DNA methylation, influence the transcriptional rate of miRNAs (22); c) impairment in the mRNA-miRNA interactions by the competition of miRNAs with cellular factors and mRNAs with other competitive RNAs (pseudogenes, long non-coding RNAs, and circular RNAs) (23, 24); and d) occurrence of miRNA editing through nucleotide modification by adenosine or cytidine deaminases (21, 25). miRNA research and transcriptomic platform enabled the disease-mediated deregulation of miRNAs and their targeted pathways in multiple diseases, including cancer (26, 27), cardiovascular diseases (28, 29), autoimmune diseases (30, 31), and infectious diseases (32, 33).



Monocyte and Macrophage miRNAs

The disease-oriented modification for any microbial infection is visualized primarily on monocytic cell lineage as being the first-line defenders of innate immunity. Immunological aspect-derived alterations in the subset composition of monocytes/macrophages decipher the role of a pathogen in the peripheral compartment. However, the stimulus for the alteration is better studied through their responsive mRNA and miRNAs. miRNA research for TB is advancing toward a proper understanding of disease mechanism for better prognosis and early prevention. The immune efficiency and other cellular processes of monocyte/macrophages are governed by various miRNAs in both healthy and disease states (34).

Many reports available for the miRNAs mediated monocytic biological functions, such as tissue homeostasis, signaling, cell differentiation, apoptosis, cell motility, cytokine production, inflammatory responses, resolution of inflammation, and other immune responses (35–40). A trio of miRNAs constituting miR-146a, miR-21, and miR-155 are the principal regulators of inflammatory pathways in myeloid cells (41). miR-511 was identified as the putative positive regulator of Toll-like receptor 4 during monocyte differentiation by Tserel et al. (42). miR-214, as suggested by Li et al., targets the phosphatase and tensin homolog in monocyte survival induction during advanced glycation (43). miR-20a, miR-106a, and miR-17 of miR-17/92 and miR-106a/363 clusters are involved in tuning the proinflammatory cytokine production, infiltration of macrophages, and phagocytosis through targeting the expression of signal-regulatory protein alpha (44). Upon Notch activation, miR-148a-3p promotes M1 polarization by hindering M2 activation (45). Myeloid cell differentiation to granulocytes or monocytes is governed by miR-223 with negative control on NLRP3 inflammasome activity (46).

The intense research on miRNA profiling of monocyte subsets delivered their unique profile and regulated functions. Dang et al. deciphered the role of miR-432 in apoptotic potential and miR-19a in cell motility. They also observed that miR-345 was involved in the inflammatory responses by targeting RelA. Besides, upregulated miR-34 in CD16+ monocytes are suggestive of their differentiation ability to dendritic cells by altering the expression of Wingless-Type MMTV Integration Site Family, Member 1 (WNT1), and Jagged 1 (JAG1) (34, 47). Richard et al. focused on the sequencing of miRNAs among monocyte subsets in humans and mice to identify their role in monocyte heterogeneity. From their work, they suggested three miRNAs—miR-21, miR-150, and miR-146a—as immune regulators that mediate resolution of inflammation in the myeloid cells (48). MicroRNA profiling of intermediate monocytes (CD14++ CD16+) yielded a unique miRNA profile, and their connected pathways are involved in gene regulation, TLR, and cytokine-mediated signaling, phagocytosis, antigen processing, and presentation, as well as lipid and triglyceride metabolism (49).



MicroRNA as a Prominent Immune Regulator of Macrophage Mechanisms During TB

miRNAs regulate about 60% of mammalian genes through its effective binding to 3′ UTR on mRNA and leads to translational repression and mRNA degradation (50, 51). Most of the cellular functions in humans are governed by single or multiple miRNAs. The emergence of miRNA research uncovered the possibility of pathogen (specially their cell wall components) induced alteration of miRNA levels (52). The altered miRNA profile could enhance the disease progression by modulation of the innate and adaptive responses through the hindrance of cell differentiation (53). The distinctive role of miRNA in the maintenance of immune homeostasis and activation of immune defense is largely studied (54). Upon MTB infection, several miRNAs modulate the host mechanism, either favoring the host or the pathogen. In most cases, the underlying causes for host immune evasion by the Mycobacterium are associated with miRNAs. The host signaling pathways, cytokine production, and killing machinery are adversely affected by miRNAs as represented in Figure 1.




Figure 1 | Host immune regulation by monocyte and macrophage miRNAs during tuberculosis.





miRNAs in Signaling Pathways and Cytokine Production

The prime innate defense recognition starts with the Toll-like receptors (TLRs) upon induction with pathogen-associated molecular patterns (PAMPs). However, this initial priming is affected by multiple miRNAs during MTB infection. TLR/MyD88 activation and cytokine response are inhibited by miR-30a in MTB-infected THP-1 cells (55). TLR3 signaling is attenuated by miR-27a through targeting TICAM1 and c-Abl-BMP signaling (56). Survival of Mycobacterium is favored through the upregulation of miR-26a and miR-132 induced by live and attenuated MTB that negatively controls p300 mRNA in human monocyte-derived macrophages (human MDMs). miR-132 and miR-26a dampen the host responsiveness toward IFN-gamma genes, phagocytosis process, and decreases the HLA-DR and FCgammaR1 levels (57). Inhibition of NF-κB pathway with the hindered downstream secretion of cytokines, chemokines, and NOS is achieved through the increased expression of A20 (TNFAIP3) by downregulated let-7f induction mediated by ESAT-6 in both in vitro and in vivo conditions (58). miR-223 and miR-146a also negatively control the NF-κB pathway in MTB-infected macrophages and suppress the proinflammatory response and the clearance of pathogen (59–62). Infection with BCG induces elevation of miR-21 via NF-κB and ERK pathways that target IL-12p35 mRNA through which it inhibits IL-12 production and T-cell priming function by APCs (63).

The activity of miR-155 is focused on various cell types, such as macrophages, dendritic cells, and T cells. ESAT-6 induces miR-155 in a time- and dose-dependent manner, which downregulates SHIP1, leading to an ultimate increase of the AKT phosphorylation and, thus, exerts pro-survival of MTB on macrophages. Host IL-6 production and Cox-2 activity are limited by upregulated miR-155, as the Cox-2 is essential to prevent necrosis by generating PGE2 and restricting lipoxin A4 (LXA4) (1, 64). The mycobacterial component, such as Lippo Mannan from virulent MTB and M. smeg, induces a differential response in human MDMs. TB-LM induces higher miR-125b expression that targets the TNF mRNA and inhibits TNF biosynthesis through inhibition of TLR-2–mediated miR-155 expression, whereas M. smeg LM induces miR-155 expression and downregulates miR-125b and SHIP1, thereby increasing-PI3K/Akt signaling and TNF production followed by an enhanced proinflammatory response (50). The interpretation of the role of miR-155 in pro-inflammatory responses is quite contradictory as suggested by infection studies with virulent MTB and M. smeg LM (1, 50). This strongly reinforces the synchronized regulatory effect of miR-155 along with a host of miRNAs and, thus, cannot be studied alone (1). An inverse correlation was seen with miR-144 and TPl2 protein levels as the downregulation of miR-144 in MTB-infected human MDMs targets TPL2 mRNA, and their enhancement leads to activation of ERK1/2 phosphorylation and downstream IL-1β, IL-6, and TNF α production (65). Pro-inflammatory cytokine response is suppressed through upregulated miR-32-5p targeting Follistatin-like protein (FSTL1) (66). Downregulation of miR-365 is inversely correlated with IL-6 levels in active TB patients (67).



miRNAs in Host Killing Machinery

The human host has an enormous killing machinery, like phagocytosis, apoptosis, and autophagy, and so on, for the invading pathogen. The intracellular MTB, however, exploits the host defense through various strategies. The recent transcriptomic approach sheds light on miRNA-based modulatory responses by Mycobacterium. The phagocytic function of macrophages is attenuated in the different stages by the Mycobacterium-induced miRNAs. The bacterial encounter and imbibe are affected through N-wasp by miR-142-3p. N-wasp is an actin-binding protein essential for actin dynamics in the phagocytosis process that was negatively regulated by upregulated miR-142-3p in J774A.1 cell line and primary human macrophages during MTB infection (68). Mononuclear cell function and phagocytosis are inhibited in active TB patients, where miR 23a-3p is downregulated. miR-23a-3p targets IRF1/SP1 through TLR4/TNF-α/TGF-β1/IL-10 signaling (69). The principal lysosomal enzyme of phagocytosis process for MTB clearance is cathepsin proteases. miR-106-5p targets the 3′ UTR cathepsin and suppresses the lysosomal activity in MTB-infected macrophages (70).

The downstream killing machinery of phagocytosed pathogen actively occurred through apoptosis of infected macrophages. Macrophages infected with Beijing strain demonstrate its virulence by escaping from host apoptosis and macrophage lysis through miR-485-3p (71). Upon infection with MTB, RAW264.7 macrophages establish attenuated apoptosis through the reduction of miR-20b-5p and elevation of its target Mcl-1 (72). Increased miR-223 expression in macrophages of active TB patients negatively suppresses forkhead box O3 (FOXO3) to inhibit apoptosis (62). The secreted protein MPT64 inhibits apoptosis of RAW264.7 macrophages via NF-κB/miR-21/BCl-2 pathway (73). Inhibition of apoptosis through the downregulation of Fas protein is demonstrated in THP-1 macrophages mediated by upregulated let-7b-5p (74). The decrease in the apoptotic monocytes of active TB patients and decreased apoptosis in THP-1 cells are mediated through the downregulation of FOXO-1 by miR-582-5p (75). Some of the miRNAs positively promote apoptosis for enhanced mycobacterial clearance. For example, reduction of miR-20a-5p is observed in THP-1 macrophages and CD14+ monocytes of active TB patients. Reduced miR-20a-5p inversely increases Bim expression through its target JNK2, which could promote apoptosis (76). Infection of macrophages with M. bovis BCG results in elevated miR-155 expression, which could induce apoptosis through PKA signaling by inhibiting PKI-α (77). Sp110-mediated suppression of miR-125a in RAW264.7 macrophages enhances the expression of Bmf, which could induce apoptosis (78). Upregulated miR-27b enhances p53 signaling, thus favoring apoptosis and bacterial killing by downregulating Bag2 (79).

Autophagy is a highly regulated eukaryotic cellular pathway in which intracellular pathogens are trapped in autophagosomes and degraded in lysosomes. Induction of xenophagy (a selective form of autophagy against microbes) in monocyte-derived macrophages is one of the innate immune mechanisms to intracellular pathogens, such as MTB (80). However, MTB is a successful intracellular pathogen and can escape from host responses by expression of some of the miRNAs and affects autophagy machinery (81). Certain miRNAs control both mycobacterial survival and autophagy pathways by targeting their proteins within macrophages through its altered expression (82, 83). miRNA-33 and miRNA-33* inhibit the fusion of lysosome with bacterial endosome by targeting ATG5, ATG12, LC3B, and LAMP proteins and lipid metabolism by targeting transcription factors FOXO3 and TFEB (84). The occurrence of active TB is suggested because of the suppression of autophagosome-lysosome fusion in macrophages by miR-423-5p through post-transcriptional regulation of VPS33A (85). Active TB patients and MTB-infected mice abundantly express miR-27a, which blocks the Ca2+ signaling through ER-located Ca2+ transporter protein CACN2D. Blockade of Ca2+ signaling inhibits the formation of autophagosome (86). The autophagy protein, DRAM2, promotes PtdInt3K, which initiates the nucleation of auto phagophore formation. In human and murine monocytes or macrophages, MIR144/hsa-miR-144 and miR-125a help in mycobacterial survival by forming a complex with the 3′ UTR of DRAM2 mRNA (87, 88).

TB infection triggered the expression of a new type of miRNA, i.e., miR-1958, which silences the ATG5 in RAW264.7 cells (89). miR-129-3p favors MTB survival by inhibiting ATG4B (90). miR-20a promotes BCG survival by affecting the expression of both ATG7 and ATG16L1 (91). miR-17-5p blocks autophagy by blocking ULK1 in BCG-infected RAW264.7 cells (92). Chen et al. showed that miR-30a inhibits the autophagy pathway and negative correlation between Beclin and miR-30a (93). miR-889d affects the tumor necrosis factor-like weak inducer of apoptosis (TWEAK), which maintains the granuloma formation and promotes the maturation of AMPK (94). miR-125a-5p overexpression was observed in M. avium–infected THP1-derived macrophages and targets STAT-3, which activates the autophagy (95). At the same time, miR-26a targets the KLF4, by which it inhibits MTB survival, and miR-17/PKCδ/STAT3 pathways also attenuate MTB by activating autophagy (96).

According to Wang et al., miR-155 targets Rheb (autophagy blocker) and promotes autophagy (97). PCED1BAS1 is down-regulated in TB patients, which directly binds with miR-155, and subsequently inhibits the activity of miR-155 (98). miR-155 expression helps in the survival of MTB by regulating ATG3 protein in dendritic cells (99). Yang et al. found that the expression of miR-155 was diminished in patients with spinal tuberculosis–induced intervertebral disc destruction and affects its target MMP-11 expression (100).



miRNAs as Biomarkers

TB biomarker research is ongoing for decades as the disease still causes higher mortality due to multiple factors, such as host immune evasion by MTB, latency condition, drug resistance, and lack of prognostic and protective biomarkers. Many researchers have identified TB-specific–modulated cytokines and genes as biomarkers. However, those are not prominently emerging out since most of them are identified in smaller sample groups that lack sensitivity, differentiation ability, and reproducibility. The potent, robust, minimally invasive, rapid, universally acceptable biomarker is yet to be identified. Immune regulatory miRNAs emerge as a new class of disease-specific diagnostic markers (101, 102). The differential expression of miRNAs in disease phenomenon manifests their biomarker potential. To date, multiple studies are focused on miRNA sequencing from different samples involving PBMCs, serum/plasma, sputum, urine, and exosomes. The candidate biomarkers identified from circulation and PBMCs for discriminating TB from healthy are miR-144* (103), miR155* and miR155 (104); miR-93*, miR-3125, and miR-29a (105); miR-889, miR-576-3p, and miR-361-5p (106); miR-3179, miR-19b*, and miR-147 (11); miR-146a (107); and miR-625-3p (108). A review by Pederson et al. gives a complete biomarker profile on circulating miRNAs (109). However, our focus is on the monocyte/macrophage-based markers since most miRNAs are involved in evading their immune defense. This will help to understand the underlying pathogenesis and for identifying TB-specific biomarkers. The differential expression of miRNAs from MTB infection studies on macrophages and the monocyte-derived macrophages are depicted in Table 1 and Figure 2.


Table 1 | Monocyte/macrophage-based miRNAs as biomarker candidates for TB.






Figure 2 | Unique and shared miRNA biomarker candidates for TB within monocytes and macrophages across human, murine, and cell line studies.



Although many studies are available on the macrophage infection-derived miRNAs, the actual in vivo scenario of a patient is minimal. The limitations of these biomarker candidates are variable between the studies, and each was performed on identifying the miRNA targets for understanding the disease pathology. In the future, the biomarker efficiency of these candidates should be largely examined as multi-centric studies with diverse ethnicities.



miRNAs in Host-Directed Therapy (HDT)

Host-directed therapy is one of the emerging strategies to improve the host immunity and eliminate pathogens in which vitamins, repurposed drugs, cytokines, miRNAs, and, monoclonal antibodies are used as an adjunct with chemotherapy. It helps to control challenges of TB treatments, such as drug resistance, the toxicity of chemotherapy, and immune reconstitute inflammatory syndrome, and so on (116). Induction of autophagy is one of the host-mediated therapy for tuberculosis (117) and is induced by mTOR kinase inhibitors and certain immunomodulators, such as rapamycin and vitamin D3, respectively (118, 119). The PubMed search on miRNAs in HDT for tuberculosis yielded no results. However, many HDT strategies using miRNAs have been proposed by Sabir et al. (96). They suggested direct administration of miRNAs or the use of siRNAs to modulate the host responses. The downregulated anti-mycobacterial miRNAs can be induced by synthetic oligos, and the overexpressed pro-mycobacterial miRNAs can be repressed using anti-miRNA complementary to mature miRNA (120–122). This approach will benefit the host in achieving the proper signaling and their downstream pro-inflammatory responses. Synthetic delivery of miRNAs to macrophages is possible with nanoparticles or liposomes (123, 124). Novel HDT approaches on miRNA-mediated induction of host killing machinery (phagocytosis, apoptosis, and autophagy) could be a beneficial therapy to evade the pathogen strategies and for efficient pathogen clearance.



Future Perspectives

The research of miRNA-mediated regulation of TB is enormous; however, the pro diagnosis and effective therapy for TB are lacking widely. As miRNAs are regulators and modulators of the immune response, the avenue for potential biomarkers and therapeutic possibilities are much promising. Some of the key factors to be considered for future research on miRNA are as follows:

	Various circulating miRNAs are available from many studies as biomarkers but research on identifying cell-oriented miRNAs, particularly monocytes and macrophages will help better to understand the evasion of initial defense.

	Research on identified miRNAs to investigate their diagnostic efficacy and therapeutic value is highly needed. This will help address whether this differential expression is really specific for TB or overlaps with a disease of similar pathology.

	The mycobacterial strain-specific miRNA expression is another concern since there is diversity in TB strains, and the distribution is different in different geographical locations.

	Deep single-cell sequencing approach may enable the complete miRNA profile for better understanding their bio-signatures.

	Patient samples from all disease stages of TB at diagnosis and during treatment may give the disease-based profile during the entire course of infection for understanding their pathophysiology.

	Novel HDT approaches using nanoparticle and siRNAs for direct modulation of these expression signatures to induce the host-mediated defense responses against Mycobacterium will open up a better therapy adjunct with minimal chemotherapy.

	More animal studies with miRNA/long non-coding RNA intervention for TB therapeutics should be carried out and explored.



Future collaborative efforts involving multidisciplinary approach in various ethnic population with multiple factors (age, gender, mycobacterial strain, disease stage, other chronic lung infections, and inflammatory disease criteria) on these short miRNAs from body fluids and cells could predict the valuable miRNA biosignature network for biomarker discovery and host-directed therapy.
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Background

Easily accessible tools that reliably stratify Mycobacterium tuberculosis (MTB) infection are needed to facilitate the improvement of clinical management. The current study attempts to reveal lymphocyte-related immune characteristics of active tuberculosis (ATB) patients and establish immunodiagnostic model for discriminating ATB from latent tuberculosis infection (LTBI) and healthy controls (HC).



Methods

A total of 171 subjects consisted of 54 ATB, 57 LTBI, and 60 HC were consecutively recruited at Tongji hospital from January 2019 to January 2021. All participants were tested for lymphocyte subsets, phenotype, and function. Other examination including T-SPOT and microbiological detection for MTB were performed simultaneously.



Results

Compared with LTBI and HC, ATB patients exhibited significantly lower number and function of lymphocytes including CD4+ T cells, CD8+ T cells and NK cells, and significantly higher T cell activation represented by HLA-DR and proportion of immunosuppressive cells represented by Treg. An immunodiagnostic model based on the combination of NK cell number, HLA-DR+CD3+ T cells, Treg, CD4+ T cell function, and NK cell function was built using logistic regression. Based on receiver operating characteristic curve analysis, the area under the curve (AUC) of the diagnostic model was 0.920 (95% CI, 0.867-0.973) in distinguishing ATB from LTBI, while the cut-off value of 0.676 produced a sensitivity of 81.48% (95% CI, 69.16%-89.62%) and specificity of 91.23% (95% CI, 81.06%-96.20%). Meanwhile, AUC analysis between ATB and HC according to the diagnostic model was 0.911 (95% CI, 0.855-0.967), with a sensitivity of 81.48% (95% CI, 69.16%-89.62%) and a specificity of 90.00% (95% CI, 79.85%-95.34%).



Conclusions

Our study demonstrated that the immunodiagnostic model established by the combination of lymphocyte-related indicators could facilitate the status differentiation of MTB infection.
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Introduction

Tuberculosis (TB) remains a major global health issue as a leading infectious disease caused by Mycobacterium tuberculosis (MTB) infection (1). It was reported that there were around 10 million cases and 1.5 million deaths in 2019 (2). Most subjects suffered with MTB infection stay clinically asymptomatic which is called latent TB infection (LTBI). A relatively small proportion of these individuals would develop to active TB (ATB) during their life (3, 4). TB control strategies largely focus on identification and treatment of people with ATB. Accurate and early diagnosis could minimize therapy period and maximize quality of life. Therefore, developing novel biomarkers for TB diagnostics with satisfactory value has become a priority for TB control.

To date, ATB diagnosis mainly relies on either insensitive (acid fast bacilli smears) or time consuming (mycobacterial culture) methods (5). The clinical use of these approaches often leads to defer initiation of therapy. Molecular methods such as GeneXpert MTB/RIF and GeneXpert MTB/RIF Ultra have begun to overcome some of these barriers (6–8). However, such tests cannot show sufficient advantages due to their suboptimal sensitivity that cannot meet clinical needs (9). Besides, they are unable to differentiate live from dead mycobacteria, and remain prohibitively expensive to operate. Interferon gamma release assays, including QuantiFERON-TB Gold In-Tube based on enzyme-linked immunosorbent assay and T-SPOT based on enzyme-linked immune-spot assay, were availably used to detect MTB infection (10–12). Nevertheless, both of these two methods could not distinguish between ATB and LTBI, while were also not recommended for ATB diagnosis especially in area with high TB burden (13).

Meanwhile, several studies described the utility of T cell receptor beta variable from peripheral blood for diagnosing MTB infection (14, 15). Howbeit, the current validation is limited and further exploration is needed. Multiple limitations registered by conventional tests of etiology hurdles to the timely diagnosis of disease and contribute to promote clinical progression as well as continued transmission. Recent advances in genomics (16, 17), transcriptomics (18–20), proteomics (21–23), and metabolomics (24–26) have effectively facilitated the diagnosis of TB. But these emerging methods often require prohibitively complex equipment and operations, which hinder their promotion of clinical applications. Meanwhile, most investigations in this area are preliminary. The results regarding clinical diagnostic value of these approaches were usually obtained in small sample populations or regions with limited incidence, and have not been verified by multiple centers and large sample sizes.

Besides, previous work has reported the low number of lymphocytes in TB patients (27). In addition, several studies have identified the specific characteristics of the immunophenotype in TB patients (28, 29). Furthermore, our team has previously introduced a novel method-lymphocyte function assay for evaluating lymphocyte function (30, 31). The test could reflect the activation, chemotaxis, and cytotoxicity of lymphocytes through the percentage of IFN-γ released under PMA/ionomycin stimulation (32). We have verified its diagnostic and prognostic value among a variety of disease models including lymphoma (33), kidney transplantation (31), and carbapenem-resistant organism infection (34). Up to now, there are few investigations of lymphocyte function assay in the area of TB diagnosis. Therefore, it is necessary to conduct a more comprehensive assessment of TB patients by combining the number, phenotype, and function of lymphocytes. The present study aims to clarify lymphocyte-related immune signatures of individuals under different status of MTB infection and investigate the diagnostic role of these indicators for the distinguishment between ATB, LTBI, and healthy controls (HC).



Methods


Study Design

The present study was performed at Tongji Hospital from January 2019 to January 2021. Adult participants with age equal or more than 18 years were consecutively enrolled to the study. ATB was diagnosed by the identification of MTB in sputum or bronchoalveolar lavage fluid based on mycobacterial culture or GeneXpert MTB/RIF with symptoms compatible of ATB including prolonged cough, chest pain, weakness or fatigue, weight loss, fever, and night sweats. LTBI was defined by positive T-SPOT result without symptomatic, microbiological, or radiological evidences of ATB as well as the history of TB (Supplementary Figure 1). Individuals with negative T-SPOT results and without any evidence of suspected ATB or other diseases were categorized as HC. Subjects with HIV infection or receiving anti-TB treatment for more than 2 weeks were excluded from the study. Besides, patients with other infectious diseases, tumors, and autoimmune diseases were excluded from this study. Lymphocyte-related immune profile including lymphocyte subsets, lymphocyte phenotype, and lymphocyte function was analyzed among ATB, LTBI, as well as HC. This study was approved by the ethics committee of Tongji Hospital, Tongji Medical College, Huazhong University of Science and Technology.



Lymphocyte Subsets

Heparinized peripheral blood was collected for performing lymphocyte subset analysis. The percentages and numbers of CD4+ T cells, CD8+ T cells, NK cells, and B cells were determined by using TruCOUNT tubes and BD Multitest 6-color TBNK Reagent Kit (BD Biosciences, San Jose, CA, USA) according to the manufacturer’s instructions. A volume of 50 µl peripheral blood was labeled with 6-color TBNK antibody cocktail for 20 min in room temperature. After adding 450 µl of FACS Lysing Solution, samples were analyzed with FACSCanto flow cytometer. Cells with positive CD45 expression and with low side scatter were gated as lymphocytes. TruCOUNT beads were gated based on side scatter and fluorescence intensity. CD3+ cells in lymphocyte gate were defined as total T cells. CD3+CD4+CD8- and CD3+CD4-CD8+ cells were respectively defined as CD4+ T cells and CD8+ T cells. CD16+CD56+ cells and CD19+ cells in CD3- cells were respectively defined as NK cells and B cells. The gating strategies for lymphocyte subsets analysis was shown in Figure 1A.




Figure 1 | The gating strategies for (A) lymphocyte subset analysis, (B) lymphocyte function, and (C) lymphocyte phenotype analysis.





Lymphocyte Function

Lymphocyte function assay was performed under PMA/ionomycin-stimulation as introduced previously (31). The operation was described as the following: (1) 100 µl of whole peripheral blood was diluted with 400 µl of IMDM medium (Gibco, Grand Island, NY, USA, cat 31980-030, plus 25mM HEPES and 3.024g/L Sodium Bicarbonate); (2) the diluted whole peripheral blood was incubated in the presence of Leukocyte Activation Cocktail (Becton Dickinson GolgiPlug™) for 4 h; (3) the cells were labeled with antibodies including anti-CD45, anti-CD3, anti-CD4, anti-CD8, and anti-CD56 for 20 minutes at room temperature; (4) the cell were fixed and permeabilized; (5) the cells were stained with intracellular anti-IFN-γ antibody; and (6) the cells were analyzed with FACSCanto flow cytometer. The percentages of IFN-γ+ cells in various cell subsets were defined as the function of them. Specially, the percentage of IFN-γ+ cells in CD3+CD4+CD8- cells was regarded as CD4+ T cell function; the percentage of IFN-γ+ cells in CD3+CD4-CD8+ cells was regarded as CD8+ T cell function; the percentage of IFN-γ+ cells in CD3-CD56+ cells was regarded as NK cell function. The gating strategies for lymphocyte function assay was shown in Figure 1B.



Lymphocyte Phenotype

Heparinized peripheral blood was collected for performing lymphocyte phenotype analysis. The following monoclonal antibodies were added to 100 µl of whole blood: anti-CD45, anti-CD3, anti-CD4, anti-CD8, anti-CD25, anti-CD127, anti-CD28, anti-HLA-DR, anti-CD45RA, and anti-CD45RO (BD Biosciences, San Jose, CA, USA). Isotype controls with irrelevant specificities were included as negative controls. Cell suspensions were incubated for 20 min at room temperature. The cells were washed and resuspended in 200 μl of phosphate buffer saline after lysing red blood cells. Then, the cells were analyzed with FACSCanto flow cytometer. The gating strategies for lymphocyte phenotype analysis was shown in Figure 1C.



Statistical Analysis

Continuous variables were presented as mean ± standard deviation (SD) or median (interquartile range, IQR). The comparison between continuous variables was performed using T-test if the continuous value is normal distribution and homogeneity of variance or Mann-Whitney U test if not. Categorical variables were presented as numbers (percentages) and compared using Chi-square test or Fisher’s exact test. A two-tailed p-value less than 0.05 was considered statistically significant. For the establishment of immunodiagnostic model, indicators with statistical difference were selected and taken as candidates in multivariable logistic regression. Then, the regression equation (diagnostic model) was obtained. The regression coefficients of the model were regarded as the weights for the respective variables, and a score for each participant was calculated. Receiver operating characteristic (ROC) curve was plotted to evaluate the diagnostic performance of various indicators. Area under the curve (AUC), sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), positive likelihood ratio (PLR), negative likelihood ratio (NLR), and accuracy as well as the corresponding 95% confidence interval (CI) were calculated. Z statistic was used for the comparison between AUCs with the procedure of Delong et al. (35). Data were analyzed using IBM SPSS 25.0 (SPSS Inc. Chicago, IL, USA), GraphPad Prism 8.0 (GraphPad Software, Inc. La Jolla, USA), MedCalc version 11.6 (MedCalc, Mariakerke, Belgium), and R 4.0.2 program (R Core Team).




Results


Participant Characteristics

A total of 171 subjects including 54 ATB, 57 LTBI, and 60 HC were consecutively enrolled from January 2019 to January 2021 at Tongji Hospital. The demographic and clinical manifestation of all participants were summarized in Table 1. There was no significant difference in scale of age and gender between these three groups. The median age was around 51 years. Males were predominant in all groups.


Table 1 | Demographic and clinical characteristics of included subjects.





Lymphocyte Subsets in ATB, LTBI, and HC

We performed lymphocyte subset analysis among ATB patients, LTBI individuals, and HC. It was observed that compared with LTBI individuals, ATB patients showed significantly lower T cell number, B cell number, CD4+ T cell number, CD8+ T cell number, NK cell percentage, NK cell number, total percentage of T cells, B cells and NK cells (T+B+NK cell percentage), total number of T cells, B cells and NK cells (T+B+NK cell number), and higher T cell percentage, CD8+ T cell percentage (Figure 2). There was no significant difference in B cell percentage, CD4+ T cell percentage, and CD4/CD8 ratio between these two groups.




Figure 2 | The results of lymphocyte subsets in ATB, LTBI, and HC. (A) Scatter plots showing the results of lymphocyte subsets in ATB (n = 54), LTBI (n = 57), and HC (n = 60). Horizontal lines indicate the median. *P < 0.05, **P < 0.01, ***P < 0.001, ns, no significance (Mann-Whitney U test). (B) Heatmap showing the results of lymphocyte subsets in ATB group, LTBI group, and HC group. Each rectangle indicates the median result of a group. ATB, active tuberculosis; LTBI, latent tuberculosis infection; HC, healthy controls.



For the comparison between ATB group and HC group. T cell percentage and CD8+ T cell percentage were significantly higher, whereas T cell number, B cell number, CD4+ T cell number, CD8+ T cell number, NK cell percentage, NK cell number, T+B+NK cell percentage, and T+B+NK cell number were significantly lower in ATB patients than those in HC. No significant difference in B cell percentage, CD4+ T cell percentage, and CD4/CD8 ratio was found between ATB and HC (Figure 2). No significant differences in all indicators among lymphocyte subset analysis were observed in between LTBI and HC (Figure 2).



Lymphocyte Phenotype in ATB, LTBI, and HC

We characterized lymphocyte phenotype in ATB, LTBI, and HC. Most of the phenotypes did not significantly differ between ATB and non-ATB. Statistical differences were only found in HLA-DR expression on T cells and the proportion of Treg. Specifically, the proportions of HLA-DR+CD3+ T cells and Treg in ATB patients were significantly higher than those in LTBI individuals or HC (Figure 3). The proportions of CD28+CD4+ T cells, CD28+CD8+ T cells, HLA-DR+CD3+CD4+ T cells, HLA-DR+CD3+CD8+ T cells, CD45RA+CD4+ T cells, CD45RO+CD4+ T cells, and CD45RO+ Treg of participants with ATB did not differ significantly from LTBI or HC (Figure 3). No statistical difference was observed in all indexes among lymphocyte phenotype analysis between LTBI and HC (Figure 3).




Figure 3 | The results of lymphocyte phenotype in ATB, LTBI, and HC. (A) Scatter plots showing the results of lymphocyte phenotype in ATB (n = 54), LTBI (n= 57), and HC (n = 60). Horizontal lines indicate the median. *P < 0.05, **P < 0.01, ns, no significance (Mann-Whitney U test). (B) Heatmap showing the results of lymphocyte phenotype in ATB group, LTBI group, and HC group. Each rectangle indicates the median result of a group. ATB, active tuberculosis; LTBI, latent tuberculosis infection; HC, healthy controls.





Lymphocyte Function in ATB, LTBI, and HC

Lymphocyte function was investigated in ATB, LTBI, and HC. It was found that the function of CD4+ T cells, CD8+ T cells, and NK cells was significantly lower in ATB patients than in LTBI individuals or HC, while no significant difference presented in CD4+ T cell function, CD8+ T cell function, and NK cell function between LTBI and HC group (Figure 4).




Figure 4 | The results of lymphocyte function in ATB, LTBI, and HC. (A) Scatter plots showing the results of lymphocyte function in ATB (n = 54), LTBI (n = 57), and HC (n = 60). Horizontal lines indicate the median. ***P < 0.001, ns, no significance (Mann-Whitney U test). (B) Heatmap showing the results of lymphocyte function in ATB group, LTBI group, and HC group. Each rectangle indicates the median result of a group. ATB, active tuberculosis; LTBI, latent tuberculosis infection; HC, healthy controls.





Establishing Immunodiagnostic Model for Stratifying the Status of MTB Infection

In order to investigate the possibility of combining different immune indicators to distinguish the status of MTB infection, we performed heatmap analysis and discovered the potential of combination of these indexes to distinguish ATB from non-ATB (Supplementary Figure 2). We next analyzed the cross set of indicators with significant differences in three groups. The overlap of 9 indicators with significant difference indicated the possible conjunct use for stratification (Figure 5).




Figure 5 | The cross set between various immune indicators in ATB, LTBI, and HC. (A) Upset plot showing the cross set between various immune indicators in ATB. (B) Upset plot showing the cross set between various immune indicators in LTBI. (C) Upset plot showing the cross set between various immune indicators in HC. ATB, active tuberculosis; LTBI, latent tuberculosis infection; HC, healthy controls.



To establish the diagnostic model based on a combination for differentiating ATB from LTBI, all variables with statistical significance were used for multivariable logistic regression analysis. The diagnostic model was established as the follows: P = 1/[1 + e-(-0.005* NK cell number + 0.102 * HLA-DR+CD3+ T cells + 0.53*Treg - 0.147 * CD4+ T cell function - 0.049 * NK cell function + 3.95)] P, predictive value; e, natural logarithm. Venn diagram showed the overlap of these five parameters in ATB, LTBI, and HC groups and confirmed the appropriate combination of them (Figure 6). The AUC presented by the diagnostic model was 0.920 (95% CI, 0.867-0.973) (Table 2 and Figures 7A, B). The cutoff value of 0.676 for diagnostic model showed a sensitivity of 81.48% (95% CI, 69.16%-89.62%) and specificity of 91.23% (95% CI, 81.06%-96.20%) in distinguishing between ATB and LTBI (Table 2). We also applied the model to discriminate ATB from HC. It was observed that the sensitivity and specificity for the model were 81.48% (95% CI, 69.16%-89.62%) and 90.00% (95% CI, 79.85%-95.34%) with the threshold as 0.676 (Table 3 and Figures 7C, D). Meanwhile, the comparison between AUCs showed that the performance of the diagnostic model was superior to the individual immune indicator (Tables 2, 3 and Figure 8).




Figure 6 | The cross set between various immune indicators in ATB, LTBI, and HC. (A) Venn diagrams showing the overlap of NK cell number, HLA-DR+CD3+ T cells, Treg, CD4+ T cell function, and NK cell function in ATB patients. (B) Venn diagrams showing the overlap of NK cell number, HLA-DR+CD3+ T cells, Treg, CD4+ T cell function, and NK cell function in LTBI individuals. (C) Venn diagrams showing the overlap of NK cell number, HLA-DR+CD3+ T cells, Treg, CD4+ T cell function, and NK cell function in HC. ATB, active tuberculosis; LTBI, latent tuberculosis infection; HC, healthy controls.




Table 2 | The performance of different methods for distinguishing between ATB and LTBI.






Figure 7 | The performance of established diagnostic model for distinguishing ATB from LTBI and HC. (A) Scatter plots showing the predictive value of diagnostic model in ATB patients (n = 54) and LTBI individuals (n = 57). Horizontal lines indicate the median. ***P < 0.001 (Mann-Whitney U test). Dotted line indicates the cutoff value in distinguishing these two groups. (B) ROC analysis showing the performance of diagnostic model in discriminating ATB patients from LTBI individuals. (C) Scatter plots showing the predictive value of diagnostic model in ATB patients (n = 54) and HC (n = 60). Horizontal lines indicate the median. ***P < 0.001 (Mann-Whitney U test). Dotted line indicates the cutoff value in distinguishing these two groups. (D) ROC analysis showing the performance of diagnostic model in discriminating ATB patients from HC. ATB, active tuberculosis; LTBI, latent tuberculosis infection; HC, healthy controls; ROC, receiver operating characteristic.




Table 3 | The performance of different methods for distinguishing between ATB and HC.






Figure 8 | The performance of various indicators in discriminating ATB from LTBI and HC. (A) ROC analysis showing the performance of various indicators in discriminating ATB patients from LTBI individuals. Liner plots showing the sensitivity and specificity of different indicators as well as their 95% CI. (B) ROC analysis showing the performance of various indicators in discriminating ATB patients from HC. Liner plots showing the sensitivity and specificity of different indicators as well as their 95% CI. ATB, active tuberculosis; LTBI, latent tuberculosis infection; HC, healthy controls; AUC, area under the curve; CI, confidence interval.





The Relationship Between Immune Indicators in ATB Patients

We conducted correlation analysis of different immune indicators in ATB patients (Figure 9A). It was observed that the proportion of HLA-DR+CD3+CD4+ T cells was significantly negative, whereas the proportion of Treg was significantly positive, with the number of CD4+ T cells. There was a significantly positive correlation between the function of CD4+ T cells and the expression of HLA-DR on these cells. The same phenomenon was also presented in CD8+ T cells. Meanwhile, statistically positive correlation existed between CD4+ T cell function and CD8+ T cell function (Figure 9B).




Figure 9 | The relationship between different immune indicators in ATB patients. (A) Heatmap showing the relationship different immune indicators in ATB patients. (B) Scatter plots showing the correlation between the number, phenotype, and function of lymphocytes in ATB patients. Each symbol represents an individual donor. ATB, active tuberculosis.






Discussion

Control of the TB pandemic remains hindered (36–38). Major challenges for TB control include the lack of specific drugs and biomarkers for stratifying MTB infection, and the emergence of drug resistance (39–46). Current gold standard diagnostics that rely on bacteriological assays are slow and challenging to implement, as well as incompatible with the healthcare settings in which TB is frequently seen (47, 48). On the other hand, although many efforts including various omics have been made to overcome the issue, these methods have not been effectively verified, making it difficult to transform into clinical practice. Hence, the stratification of MTB infection still needs to be addressed with urgency.

Immune biomarkers based on flow cytometer have recently begun to emerge as clinically useful diagnostic and prognostic markers of infectious disease (49–51). Growing evidence has demonstrated that TB may elicit specific patterns of immune response (52–54). Nonetheless, there was rare study targeted for comprehensive evaluation for host immunity towards MTB infection. Most previous studies focused on the number of lymphocyte or its subsets in ATB. A few studies explored the immunophenotype of ATB patients, while few studies evaluated lymphocyte function of subjects with MTB infection. Thus, these previous studies have not fully clarified the host immune landscape among subjects with MTB infection on account of methodological limitations. Our study simultaneously determined the immune characteristics of lymphocyte at different stages of MTB infection from number, phenotype, and function for the first time. We confirmed the low levels of lymphocyte number and function, hyperactivation and high proportion of Treg in patients with ATB. These data indicate that ATB patients are in a state of hyperinflammatory but with low immune potential. TB is generally considered to be a disease with malnutrition. Some previous studies have reported the low level of serum iron (55) and prealbumin (56) in ATB patients. Thus, the low level of lymphocyte number and function found in our research echoed these phenomena. Furthermore, we discovered the potential of the combination of three types of immune indicators to differentiate the status of MTB infection through Venn diagram analysis, and successfully established an immunodiagnostic model using logistic regression. The model based on the combination of NK cell number, HLA-DR+CD3+ T cells, Treg, CD4+ T cell function, and NK cell function could efficaciously distinguish ATB from LTBI and HC.

Some publications have shown that the phenotype including HLA-DR, CD38, and Ki-67 on TB-specific cells was helpful for TB diagnosis (28, 57). However, this type of method requires additional specific stimulation for more than 12 hours. Besides, in order to obtain enough IFN-γ+ or TNF-α+ cells for subgroup analysis, a large volume of peripheral blood is usually needed (57). The complexity of these operations makes it difficult into clinical transformation. In addition, owing to the existence of ATB patients with negative T-SPOT results and MTB infected individuals with low-value-T-SPOT results (58–61), the effectiveness of this method will be greatly reduced due to not getting enough TB-specific cells for analysis. On the other hand, some literature reported that cytokines including IL-2, IFN-γ, and TNF-α have the potential to diagnose TB (62–65). However, the value of most unstimulated cytokines was limited, the more advantageous diagnostic utility often also requires TB-specific stimulation. Moreover, the large heterogeneity between different studies also hinders the possibility of its translation into clinical practice (66). The detection of lymphocyte-related indicators that we performed in the present study requires only a small volume of peripheral blood plus short-term non-specific stimulation, while eliminating cumbersome extraction of peripheral blood mononuclear cells. Therefore, our established diagnostic model has more advantages in applying to clinical practice.

Regarding the indicators observed in this study, the immune profiles did not differ significantly between LTBI and HC groups. On the one hand, these data indicates that the host immunity of individuals with LTBI may temporarily successfully resist MTB. As a result, the body shows no immune barriers or defects as a whole. On the other hand, it may be that the immune indicators observed in our research are not specific and comprehensive, they cannot reflect the subtle difference of immune characteristics between the two groups. Various immune cell population including monocytes, dendritic cells, neutrophils need to be further analyzed in a broader spectrum. Meanwhile, detailed classification such as helper T cell and follicular helper T cell should be also conducted. These directions are also applicable to the expansion of immune observation in ATB group.

Several limitations should be noticed in the current study. First, the sample size in this study is relatively small, and stratified analysis targeted for different underlying diseases such as HIV infection has not been carried out. Validation by larger population in areas with different disease burdens would be further needed. Second, lymphocyte immune indicators analyzed in this study are not comprehensive enough, and multi-dimensional analysis using polychromatic flow cytometry is also very necessary. Third, given that time course comparisons under treatment, MTB-specific assays, and identified immune cell markers such as CD38 and CD27 were missing in the present study (67, 68), further investigation targeting monitoring or conjunction of different methods are needed. Fourth, since the underlying diseases might affect the levels of these lymphocyte-related immune indicators, individuals with other infectious diseases, tumors, and autoimmune diseases were excluded from this study. More exploration targeting the effect of these underlying diseases on our established model should be conducted in the future. Eventually, the present study only focuses on the characteristics of lymphocytes among MTB infection. Other immune cells including B cells and dendritic cells are also proved involved in the pathogenesis of TB (69–72). Therefore, different types of immune cells should be also included for a more comprehensive analysis.

In conclusion, our findings suggests that the diagnostic model based on the combination of lymphocyte-related indicators may be an adjunctive but useful method in the diagnosis of TB.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Ethics Statement

The studies involving human participants were reviewed and approved by the ethics committee of Tongji Hospital, Tongji Medical College, Huazhong University of Science and Technology. The patients/participants provided their written informed consent to participate in this study.



Author Contributions

YL and YX designed and oversaw the study; QL and GT contributed to lymphocyte function assay; HS and WL contributed to lymphocyte subset analysis; LM conducted lymphocyte phenotype analysis; XY, YuZ, ZC, YaZ, WYL, SW, FW, and ZS coordinated data collection and management. YL and YC did the statistical analysis. YL wrote the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This work was funded by Graduate Innovation Fund of Huazhong University of Science and Technology (grant number 2021yjsCXCY088), National Mega Project on Major Infectious Disease Prevention of China (grant number 2017ZX10103005-007), and the National Natural Science Foundation (grant number 81401639 and 81902132).



Acknowledgments

We thank the Department of Laboratory Medicine of Tongji Hospital for technical assistance as well as the patients and their families.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2021.658843/full#supplementary-material

Supplementary Figure 1 | Representative pictures showing the negative and positive results of T-SPOT assay. The number in the upper left corner of each graph indicates the number of spot-forming cells in each well. ESAT-6, early secreted antigenic target 6; CFP-10, culture filtrate protein 10; PHA, phytohemagglutinin.

Supplementary Figure 2 | The cluster analysis of immune indicators in ATB, LTBI, and HC. (A) Heatmap showing the cluster analysis of lymphocyte subsets, phenotype, and function in ATB patients (n = 54) and LTBI individuals (n = 57). Each rectangle indicates a result of a subject. (B) Heatmap showing the cluster analysis of lymphocyte subsets, phenotype, and function in ATB patients (n = 54) and HC (n = 60). Each rectangle indicates a result of a subject. ATB, active tuberculosis; LTBI, latent tuberculosis infection; HC, healthy controls.
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Background

Neutrophils have been associated with lung tissue damage in many diseases, including tuberculosis (TB). Whether neutrophil count can serve as a predictor of adverse treatment outcomes is unknown.



Methods

We prospectively assessed 936 patients (172 HIV-seropositive) with culture-confirmed pulmonary TB, enrolled in a multicenter prospective cohort study from different regions in Brazil, from June 2015 to June 2019, and were followed up to two years. TB patients had a baseline visit before treatment (month 0) and visits at month 2 and 6 (or at the end of TB treatment). Smear microscopy, and culture for Mycobacterium tuberculosis (MTB) were performed at TB diagnosis and during follow-up. Complete blood counts were measured at baseline. Treatment outcome was defined as either unfavorable (death, treatment failure or TB recurrence) or favorable (cure or treatment completion). We performed multivariable logistic regression, with propensity score regression adjustment, to estimate the association between neutrophil count with MTB culture result at month 2 and unfavorable treatment outcome. We used a propensity score adjustment instead of a fully adjusted regression model due to the relatively low number of outcomes.



Results

Among 682 patients who had MTB culture results at month 2, 40 (5.9%) had a positive result. After regression with propensity score adjustment, no significant association between baseline neutrophil count (103/mm3) and positive MTB culture at month 2 was found among either HIV-seronegative (OR = 1.06, 95% CI = [0.95;1.19] or HIV-seropositive patients (OR = 0.77, 95% CI = [0.51; 1.20]). Of 691 TB patients followed up for at least 18 months and up to 24 months, 635 (91.9%) were either cured or completed treatment, and 56 (8.1%) had an unfavorable treatment outcome. A multivariable regression with propensity score adjustment found an association between higher neutrophil count (103/mm3) at baseline and unfavorable outcome among HIV-seronegative patients [OR= 1.17 (95% CI= [1.06;1.30]). In addition, adjusted Cox regression found that higher baseline neutrophil count (103/mm3) was associated with unfavorable treatment outcomes overall and among HIV-seronegative patients (HR= 1.16 (95% CI = [1.05;1.27]).



Conclusion

Increased neutrophil count prior to anti-TB treatment initiation was associated with unfavorable treatment outcomes, particularly among HIV-seronegative patients. Further prospective studies evaluating neutrophil count in response to drug treatment and association with TB treatment outcomes are warranted.





Keywords: tuberculosis, neutrophils, treatment outcome, biomarker, neutrophil count



Introduction

Neutrophils have been implicated in TB pathogenesis (1, 2). Several studies in animal models as well as in humans have revealed a prominent role of neutrophils in tissue damage during active TB, leading to more severe clinical presentations (3). There are increasing evidence that the neutrophil number and degree of neutrophil activation directly correlate with the degree of lung destruction seen in pulmonary TB (4). More recently, Ndlovo et al. described that high peripheral neutrophil count and low CD15 expression directly correlated with more severe lung damage on chest x-ray (5).

Neutrophils are also relevant for TB diagnosis, as several transcriptomic signatures indicate enriched pathways involving this cell type that can be used to distinguish active from latent TB infection (6).

Although several studies have evaluated the association between blood neutrophils and unfavorable TB treatment outcome (4, 7–14), there are limited data from well-powered prospective studies. A key advantage of neutrophils as a biomarker is that they can be measured in clinical laboratories in resource-limited settings.

To evaluate the relationship between blood neutrophil count and poor TB treatment outcome (i.e., treatment failure, mortality or relapse), we analyzed patients with positive Mycobacterium tuberculosis (MTB) culture of respiratory samples enrolled in the Regional Prospective Observational Research on Tuberculosis (RePORT) - Brazil cohort (15).



Methods


Study Design

We performed a multicenter prospective observational cohort study of individuals with culture-confirmed pulmonary TB. All study participants were enrolled in Regional Prospective Observational Research on Tuberculosis (RePORT)-Brazil (15), between June 2015 and June 2019, and were followed for up to two years. RePORT-Brazil includes two prospective cohorts: patients with pulmonary TB, and their close contacts. Objectives include the identification of clinical, radiological and laboratory variables associated with TB treatment outcome, and predictive of TB disease among contacts. Study sites were located in Rio de Janeiro State, Southeastern region (Centro Municipal de Saúde de Duque de Caxias - site A; Instituto Nacional de Infectologia Evandro Chagas - site D; Clínica da Familia Rinaldo Delamare-site E); in the cities of Manaus, Northern region (site B), and Salvador, Northeastern region (site C).

These sites represent Brazilian cities with the highest TB burden (16). Site B and site D are HIV reference centers. In this study, we enrolled participants who had microbiologically confirmed TB, were over 18 years of age and provided written informed consent. Those who received anti-TB drugs (including fluoroquinolones) for more than 7 days in the 30 days prior to TB diagnosis were excluded. A trained nursing team conducted patient interviews and collected sociodemographic and clinical data. Participants underwent the following tests: chest radiograph, HIV testing, CD4 and viral load (if HIV-seropositive), complete blood count, glycated hemoglobin (HbA1c), sputum smear microscopy, Xpert-MTB-RIF (if available), mycobacterial culture (Lowenstein-Jensen medium or BD BACTEC MGIT) and drug susceptibility testing (proportion method or BD BACTEC GIT). The study participants had a baseline visit (M0) and follow-up visits at month 2 (M2) and month 6 (M6 or at the end of TB treatment), when clinical status was reassessed, and new smear/culture tests were performed. Only drug susceptible TB patients followed up at least 2 months were included in the microbiological analysis; participants received standard 6-month treatment for TB, consisting of isoniazid, rifampicin, pyrazinamide, and ethambutol for 2 months followed by isoniazid and rifampicin for at least 4 months, following Brazilian National guidelines for TB control (16).



Study Definitions and Procedures

Complete blood counts were performed only at baseline. Anemia was defined as hemoglobin levels <12 g/dL for females and <13.5 g/dL for males. Diabetes mellitus (DM) was diagnosed according to the baseline HbA1c, following the American Diabetes Association (ADA) guidelines (17). Patients with HbA1c ≥ 5.7% were classified as having dysglycemia and, among those, they were classified as having DM if HbA1c ≥ 6.5%, prediabetes (pre-DM) if HbA1c was between 5.7% and 6.4%. Patients with HbA1c lower than 5.7% were considered normoglycemic. Data on other variables such as age, sex, HIV serology, race/skin color (self-reported), body mass index (BMI), BCG scar, education level, income status, tobacco smoking status, alcohol consumption (according to CAGE questionnaire), illicit drug use, cavitation on chest radiograph and study site were obtained from all participants. Information about the symptoms of TB was also obtained at the baseline and at M2 and M6 visits. Neutrophil count at baseline as well as sputum smear and MTB culture results at month 2 were recorded. Treatment outcome was defined as either unfavorable (death from any cause, treatment failure or TB recurrence) or favorable (cure or treatment completion) following the World Health Organization (WHO) guidelines (18). Patients lost to follow-up were not included in the analysis of neutrophil count and TB treatment outcome.



Data Analysis

Quantitative variables were presented as medians and interquartile ranges (IQR) and qualitative variables as percentages. The effect of baseline characteristics on the outcome of interest were computed via univariable logistic regression. P-values were computed via Wald tests.

Logistic regression analysis was also used to estimate associations between neutrophil count at baseline with smear microscopy, culture conversion at month 2 and TB treatment outcome, adjusting for HIV serology (and an interaction term). This was denoted as unadjusted logistic regression, since it did not take into account potential confounders. Data on the following clinical factors were collected: COPD; renal disease; hypertension; chemotherapy or radiotherapy; immunosuppressor drug (corticosteroid) and were included in the propensity score model.

Because the number of outcomes was relatively low, we were unable to fit a fully adjusted regression model including all covariates of interest. Instead, we fit a logistic regression model using propensity score adjustment (19). Propensity score adjustment, which may be seen as a variable reduction technique, is a two-step procedure: 1) in the first step, the propensity score is estimated by regressing the exposure variable on a set of covariates and 2) in the second step, the outcome of interest is regressed on the exposure while controlling for the estimated propensity score, obtained in step 1. By this way any extra confounder is included in the outcome model via the estimated propensity score.

For our setting, the propensity score was fit via an ordinal regression, by regressing the exposure variable on a set of pre-specified covariates. We followed simulation results from (20), which showed better performance (i.e., smaller errors) when a fine stratification (20 strata) of the exposure was used and modelled via robust approaches, such as ordinal regression, that required no assumptions about underlying distributions. This propensity score model is constructed in the step 1 outlined above. It used the following covariates for adjustment: sex, age, race, smoking status, alcohol consumption, education level, income status, HIV serology status, cavitation on chest radiograph, DOT use (for TB treatment outcome only), study site, and (log-transformed) platelets, lymphocytes, glycated hemoglobin and hemoglobin values. All variables were selected a priori, based on data from the literature and clinical plausibility. Restricted cubic splines with 3 knots equally spaced were used to relax the linearity assumption, and an interaction between age and sex was also added to the propensity score model.

This two-step procedure allowed us to fit a larger set of covariates in the first step (to estimate the propensity score) and a smaller model in step 2 (21). Our main model regressed the outcome of interest on neutrophil count at baseline, HIV status, and on the estimated propensity score. We also added an interaction term of neutrophil count and HIV status. This was denoted as an adjusted model, since it took into account several potential confounders in the estimated propensity score. We did not stratify the exposure in this second and final step; neutrophil count was in its natural, continuous scale. To allow for non-linearity, the estimated propensity score was in the logit scale.

Finally, results were expressed in terms of point estimates and 95% confidence intervals; odds ratios were calculated, for interpretation purposes, for every 1,000 change of neutrophil count. Missing values were imputed 20 times via Markov Carlo Chained Equations (22) and final estimates were obtained via Rubin’s rule (23). All analyses were performed using the statistical software R (24).



Ethical Approval

The protocol, consent form, and study documents were approved by the institutional review boards at the study sites. Participation was voluntary, and written informed consent was obtained from all participants.




Results


Study Population

Sample size for all analysis are displayed in Figure S1. Population demographics and laboratory values are depicted in Table 1. A total of 936 patients were included in the analysis, of whom 172 (18.4%) were HIV-seropositive. The overall median age at enrollment was of 35 years (IQR = 25.0; 49.0) and most were non-black (74.0%), male (66.1%), had anemia (57.5%), and a BCG scar (86.5%); 45.3% were alcohol users, and 23.1% had DM. Compared to HIV-seronegative patients, as depicted in Tables S1 and S2, HIV-seropositive participants were more likely to be non-black (OR = 2.22; 95% CI = 1.44; 3.54), male (OR = 1.94; 95% CI = 1.33;2.89), more likely to be treated in HIV reference centers, sites (B and D) (OR= 22.7; 95% CI = 11.0;55.4 and OR= 7.33; 95% CI = 3.25;19.0, respectively) and to have anemia (OR = 2.57; 95% CI= 1.78;3.78). On the other hand, HIV-seropositive individuals with TB were less likely to be tobacco smokers (OR= 0.61; 95% CI = 0.39;0.93); alcohol users (OR= 0.52; 95% CI = 0.36;0.74); BCG vaccinated (OR = 0.48; 95% CI = 0.32;0.74); have lung cavitary lesions on chest X-ray (OR = 0.20; 95% CI = 0.13;0.29), have high lymphocytes count (OR = 0.91; 95% CI= 0.88;0.94) and high glycosylated hemoglobin (OR= 0.79; 95% CI= 0.70;0.89).


Table 1 | Sociodemographic characteristics and laboratory values for the study population.



The median neutrophil count at baseline was 6,050 cells/µL (IQR = 4,390;7,970). HIV-seropositive patients had lower neutrophil count, 5,050 cells/µL (IQR = 3,590;7,250) compared to HIV-seronegative, 6,120 cells/µL (IQR = 4,630;8,090). This difference was statistically significant at the 5% level (OR=0.92; 95% CI = 0.86;0.97).



Association Between Neutrophils and TB Bacillary Load in Sputum at Baseline

Tables S3 and S4 show univariable comparisons for association between sociodemographic and laboratory values with smear positivity at study baseline, respectively. Current tobacco smokers, alcohol users, and those with lung cavitation had higher odds of being smear positive at M0 (OR= 1.62; 95% CI= 1.07, 2.52; OR=1.52; 95% CI=1.09-2.13; and OR = 3.10; 95% CI = 2.18, 4.45, respectively). Leukocytes (OR = 1.11 [1.05;1.17]), neutrophil (OR=1.11 [1.04;1.18]), and platelet (OR=1.02 [1.01;1.03]) counts were also associated with positive smear results. HIV-seropositive patients were less likely to be smear positive at baseline (OR = 0.34, 95% CI = 0.23;0.49).

Unadjusted and adjusted logistic regression models were used to estimate the association between neutrophil count at baseline with the odds of being smear positive at baseline. Results suggested highly different neutrophil counts between seropositive and seronegative patients (p-value < 0.001). The adjusted regression showed a strong association between neutrophil count and smear result at baseline among HIV-seronegative patients: OR = 1.16, 95% CI = 1.07, 1.26. This association was not seen among HIV-seropositive patients: OR = 0.99, 95% CI = 0.82, 1.20, as depicted in Table 2 and Figure S2.


Table 2 | Association between neutrophil count at baseline and the outcome of interest.





Factors Associated With No Sputum Smear Conversion During TB Treatment

A total of 713 patients had sputum smear result at M2, from which 126 (17.7%) were still smear positive. Univariable logistic regressions are presented in Tables S5 and S6, for sociodemographic and laboratory values, respectively. Increased age (OR = 1.03, 95% CI = 1.01;1.04), years of smoking (OR=1.04 95% CI= 1.01;1.07); alcohol use (OR= 1.03, 95% CI= 1.01;1.05); anemia (OR=1.67, 95% CI =1.11;2.53), and DM (OR=1.81, 95% CI =1.10;2.96) had higher chance of having smear positive sputum at M2. HIV-seropositive patients were also on average more likely to be smear positive at M2 (OR = 1.74, 95% CI = 1.11;2.68). Univariable analysis showed that neutrophil count was not statistically associated with higher odds of being sputum smear positive at month 2, as suggested by the boxplots in Figure S3 (OR = 1.00, 95% CI = 0.94; 1.07) and depicted in Table S6.

Neutrophil count, however, differed significantly by HIV status (p-value < 0.01). Smear positive sputum at M2 was associated with higher neutrophil count among HIV-seronegative patients in both unadjusted and adjusted (by the propensity score) analysis (OR = 1.08, 95% CI = 1.01;1.16 and OR = 1.08, 95% CI = 1.00;1.17, respectively). Interestingly, among HIV-seropositive patients, the unadjusted analysis suggested an association between higher neutrophil count and lower odds of a smear positive sputum at M2 (OR = 0.78, 95% CI = 0.65; 0.94). The adjusted analysis showed that for every increase in the neutrophil count by 1,000 units, the odds of being sputum smear positive at month 2 decreased on average by ~22% (OR = 0.78, 95% CI = 0.62;0.99). Results for both unadjusted and adjusted regression with propensity score adjustment are displayed in Table 2.

It is important to note that the relationship between neutrophil and smear positive at month 2 may not be linear, in the sense that high and low neutrophil counts would lead to poor prognosis (especially among HIV-seronegative patients). To explore this further, we re-fitted the model, using restricted cubic splines, with 3 knots equally spaced, to relax the linearity assumption. Figure S4 provides two plots of the log odds of having a positive smear result at month 2 by neutrophil count, for both HIV-seropositive and HIV-seronegative patients. The figure shows that, for HIV-seropositive patients, higher neutrophil count is associated with better prognosis (smaller odds of being smear positive at month 2). This increment, however, may not be linear; there is large uncertainty when neutrophil count increase (wider 95% confidence interval - grey area). Among HIV-seronegative patients, we see the opposite trend: higher neutrophil count lead to worse prognosis. The trend, again, may not be linear, as data become less frequent for higher values, increasing uncertainty (again, wider 95% confidence intervals as neutrophil count increases).

In summary, both plots support our results: HIV-seropositive patients with higher neutrophil count seem less likely to be smear positive at month 2, while HIV-seronegative patients with higher neutrophil count seem more likely to be smear positive at month 2. Although the relationship may not be linear (more data are needed to address this issue), it seems unlikely that low neutrophil count lead to poor prognosis among HIV-seronegative patients.



Characteristics Associated With No Sputum Culture Conversion During TB Treatment

A total of 886 patients had a visit reported at M2. Of these, 176 did not provide a respiratory sample, 631 had negative culture results for MTB, 28 patients had contaminated culture and 51 had positive results, from which 40 were found to be positive for MTB and 11 for nontuberculous mycobacterial (NTM). A total of 682 TB patients with reported positive or negative culture results were included in the analysis, of which 40 (7 HIV-seropositive) were positive for MTB at M2. The 11 NTM cultures were not included as positive.

Univariable logistic regressions are presented in Tables S7 and S8, for demographic and laboratory values, respectively, stratified by MTB status. The following variables were associated with positive MTB culture at M2: older age (OR= 1.05; 95% CI= 1.05; 1.07) and years of smoking (OR=1.04; 95% CI= 1.01; 1.07). HIV serology status was not associated with culture result at M2 (OR = 0.83, 95% CI = 0.33;1.83, for HIV-seropositive as reference level).

Unadjusted and propensity score adjusted logistic regressions did not show evidence of association between neutrophil count and culture conversion at M2, as indicated by the boxplots in Figure S5 (e.g., OR=1.06, 95% CI= 0.95;1.19 and OR=0.77, 95% CI= 0.51;1.20, for seronegative and seropositive patients, respectively, in the adjusted analysis). Results for both unadjusted and adjusted regressions are displayed in Table 2.



Blood Neutrophil Count as a Predictor of Unfavorable Anti-TB Treatment Outcomes

A total of 691 TB patients, followed-up for at least 18 months and maximum of 24 months, were used for analysis. Among them, 635 (91.9%) were either cured or completed treatment without bacteriologic confirmation of cure, while 56 (8.1%) developed an unfavorable treatment outcome: 22 died (4 related to TB, 13 not caused by TB and 5 with reasons that are not clearly related to TB), 25 had treatment failure and 9 TB recurrence.

Their baseline sociodemographic and laboratory values are displayed in Tables 3 and 4, stratified by TB treatment outcome. The following variables were associated with an unfavorable TB outcome: HIV infection (OR= 3.82, 95% CI= 2.11;6.80), treated at a HIV reference center (site B) (OR= 3.82, 95% CI= 1.64;10.6), anemia (OR= 1.78, 95% CI= 1.00;3.30), DM (OR= 3.30, 95% CI= 1.65;6.83), pre-DM (OR=2.11, 95% CI=1.04;4.39). Patients with higher neutrophil count were also more likely to have unsuccessful treatment in a univariable analysis (OR= 1.10, 95% CI= 1.02; 1.19); i.e., increasing neutrophil count by 1,000 units, the odds of developing an unfavorable TB treatment increased, on average, by 10%, as suggested by Figure 1.


Table 3 | Sociodemographic characteristics, stratified by TB treatment outcome.




Table 4 | Laboratory values, stratified by TB treatment outcome.






Figure 1 | Neutrophil count at baseline by treatment outcome. (A) Comparison of neutrophil count at baseline by treatment outcome (favorable/unfavorable, among N=691 patients); (B) comparisons of neutrophil count by treatment outcome, stratified by HIV status (577 seronegative patients, with 34 unfavorable outcome, and 114 seropositive patients, with 22 unfavorable outcome). Favorable treatment: cure or treatment completion. Unfavorable treatment: death, failure, recurrence. P-value computed via Wald test.



Neutrophil count was again statistically different between patients in opposite HIV serology groups (p-value < 0.01). Unadjusted regression analysis demonstrated a strong association between higher neutrophil count and unfavorable treatment outcomes (OR= 1.19, 95% CI= 1.08; 1.32), which was again detected in the logistic regression with propensity score adjustment (OR= 1.17, 95% CI= 1.06; 1.30). Among HIV-seropositive patients, however, which accounted for 61 subjects (22 with unfavorable outcome), no association between neutrophil count at M0 and unfavorable treatment outcome was observed in the unadjusted nor in the adjusted analysis (OR = 0.99, 95% CI = 0.87; 1.13 and OR = 0.98, 95% CI = 0.77; 1.24, respectively). Results for both unadjusted and adjusted regressions are displayed in Table 2.

As the unfavorable outcome group contained a very heterogenous group, we re-ran the analysis above for 4 additional settings: 1) discarding deaths that were not related to TB; 2) restricting the follow-up time to 9 months (so all 9 patients with TB recurrence were not included as an unfavorable TB treatment outcome); 3) re-analyzing unfavorable TB treatment outcome, under a mixed-effect perspective, with study site as a random effect in the main outcome regression model; and 4) re-analyzing unfavorable TB treatment outcome, adjusting for leukocytes. In this last analysis, (log-transformed) leukocytes were included in the propensity score model. Results for all of these analyses were similar to those provided above, with a statistically significant association between baseline neutrophil count with unfavorable treatment outcome among HIV-seronegative patients. These additional results are presented in Table S9.

Figure 2 shows the Kaplan-Meier survival curve for time to unfavorable treatment outcome, by neutrophil count at baseline. The results indicated that higher neutrophil count at baseline was associated with higher chances of unfavorable treatment outcome. A Cox regression model with propensity score adjustment showed that neutrophil count differs substantially across HIV serology groups (p-value < 0.01). While the hazard of further developing an unfavorable treatment outcome was not significatively associated with neutrophil among HIV-seropositive patients, it was strongly associated with higher neutrophil count among HIV-seronegative patients. For every 1,000 units increase in neutrophil count at baseline, the hazard of further developing an unfavorable treatment outcome increased, on average, by 16% (HR= 1.16, 95% CI= 1.05; 1.27).




Figure 2 | Association between neutrophil count at baseline with time until unfavorable treatment outcome. Kaplan-Meier curves comparing the impact of higher (>7500/mm3) and lower (<7500/mm3) neutrophil count at baseline on the probability of facing a favorable outcome, considering (A) the total population (919 patients), (B) stratified by HIV status (749 seronegative and 170 seropositive patients). The red line corresponds to low neutrophil count and the blue line corresponds to high neutrophil count, with their respective 95% confidence intervals. Favorable treatment: cure or treatment completion. Unfavorable treatment: death, failure, recurrence. Log rank p-values: 0.002 (A), <0.001 (B, left), 0.1 (B, right).






Discussion

Neutrophils have received prominence in the pathogenicity of TB, although few prospective well-powered studies have analyzed the role of blood neutrophil count in predicting treatment outcome of pulmonary TB patients.

The present study, performed in a well-characterized cohort of culture-confirmed pulmonary TB patients, found that pre-treatment neutrophil count may serve as a reliable predictor of unfavorable TB treatment outcomes.

The association of neutrophil count with positive smear and cavity on chest radiograph was similar to those described by other groups (2, 5, 6). The association between higher neutrophil count and parenchymal findings in the chest radiogram was described by Kerkoff et al. (7) in HIV-seropositive and by de Mello et al. (2) in HIV-seronegative patients. Only in the study of Nodvlu et al. (5), who used radiological scores to analyze the extent of lung injury, the association between neutrophil count and chest radiographic findings was observed in both HIV-seropositive and negative patients.

In 2003, in addition to the presence of cavitation on chest radiograph, WHO guidelines recommended the sputum-smear examination at the end of the second month of treatment in patients with recently diagnosed pulmonary TB, and, if positive, the intensive phase of TB treatment should be extended (25). In recent years, it has been emphasized that culture conversion during treatment for TB has only a limited role in decision-making for advancing regimens into phase III trials or in predicting the outcome of treatment for individual patients (26, 27).

In our study, in univariable analysis, positive smear in month 2 was more frequent among older people, in patients infected with HIV, with anemia and DM. Neutrophil count was a statistically significant predictor at 5% level of positive smear in M2 only in TB/HIV-seronegative patients. Those results were also described by other authors (28–31).

In addition, in the univariable analysis we identified the following variables associated with positive smear or culture results at M2: older age, smoking and alcohol use. Those results were also described in other series (28, 32, 33). Caetano Mota et al. (28), in a retrospective cohort of 136 adult patients with pulmonary TB confirmed by positive culture for MTB on sputum, found that older age was independently associated with delayed smear conversion. Nijenbandring de Boer et al. (32) evaluated 89 active pulmonary TB patients with positive sputum culture. After adjustment for cavities on the chest radiograph and alcohol use, they found that current tobacco smoking compared to current non-smoking remained significantly associated with culture non-conversion at 60 days of treatment anti-TB. Volkmann T et al. (33), using data reported to the National Tuberculosis Surveillance System in USA on 207,307 adult TB cases, confirmed that excess alcohol use was associated with lower rates of sputum culture conversion.

In our study, there was no significant association between neutrophil count at the beginning of TB treatment and positive culture at month 2, irrespective of HIV status. De Melo et al. (2) and Brambhat et al. (12) described similar results in TB/HIV-seronegative patients. Nodvlu et al. (5) reported an association between positive culture in month 2 and the level of CD15 expression, but not with neutrophil count at the time of TB diagnosis, in both TB/HIV-seropositive and TB/HIV-seronegative patients.

In our large cohort of patients with pulmonary TB from high-burden cities in Brazil, the association of neutrophilia with unfavorable TB treatment outcome was confirmed in TB/HIV-seronegative patients, but not in TB/HIV-seropositive ones. Similar findings were described by other authors (5, 8, 13, 14). Barnes et al. (13), in USA, evaluating 191 consecutive HIV-seronegative adults with pulmonary TB found an association between neutrophil count and death. In the study of Lowe et al. (8), analyzing 855 TB patients with neutrophil count at baseline, neutrophilia was an independent risk for case fatality. Han et al. (14) carried out a retrospective study with 96 TB patients in South Korea. They found that high neutrophil/lymphocyte rate was also an independent predictor of in-hospital mortality.

On the other hand, HIV infection frequently reduces the neutrophil count (34). In addition, there is an impaired ability to phagocytize TB bacilli observed in TB/HIV-seropositive patients, but the phagocytosis capacity is restored after the use of antiretroviral therapy (35). In our cohort, median neutrophil count was lower in TB-HIV co-infected patients than in HIV-seronegative ones. Interestingly, we observed an inverse association between neutrophil count and smear-positivity in the sputum at M2 among HIV-seropositive patients, i.e., increasing neutrophil count was associated with a lower chance of smear-positivity. This finding may indicate the importance of neutrophilic activity in the response to MTB infection. However, above a certain threshold, not yet determined, this exacerbated neutrophilic response cause tissue damage and may compromise TB outcome.

In the analysis of the association between neutrophilia and unfavorable TB treatment outcomes, abandonment and/or loss of follow-up were not included, as they could be confounding variables (35). As described in systematic meta-analysis/reviews (36–38) and more recently by Demitto et al. (30), we observed an association between unfavorable outcome and HIV infection, diabetes mellitus and anemia. The association between high neutrophil count, anemia and diabetes mellitus with unfavorable treatment outcome may result from a decrease in the ability of neutrophils to kill mycobacteria followed by a nonspecific inflammatory cascade, characterized by the production of cytokines and/or exacerbated necrotic cell death (2, 30, 31). Such events produce the accumulation of neutrophils due to persistence of systemic inflammation; similar results were described recently with Covid-19 (39). In addition, recent transcriptomic data obtained in whole blood from TB patients confirmed the signatures of neutrophils correlated with the radiographic extent of TB disease that decreased during the first 2 months of TB treatment (5). Together with other simple diagnostic tests, neutrophil monitoring could be valuable as a rule-out test and for identifying patients at baseline with a higher chance of unfavorable treatment outcome.


Limitations

Collinearity, if there were any, was not an issue while estimating the propensity score. This is because the objective at this stage is to predict the propensity score, not inference.

We did not analyze other non-specific biomarkers of inflammatory response associated with severe pulmonary TB, such as C-reactive protein, albumin and globulin (2, 8, 40, 41). These proteins, produced by the liver, act as homeostasis breakers and thus, could potentially be used as biomarkers, in addition to the blood neutrophil count. Anemia and HbA1c could be additional variables that could be assessed in future studies. Furthermore, we used only biomarkers obtained from blood analysis, and therefore, it was not possible to analyze specific biomarkers associated with an immune response in the lung. In addition, the extent of lung involvement was not evaluated (42).



Conclusion

In our cohort, high blood neutrophil count at baseline was associated with unfavorable TB treatment outcome in HIV-seronegative TB patients, but not in HIV-seropositive patients. We found no association between baseline neutrophil count and positive MTB culture at month 2. The knowledge of the association between high neutrophil count and unfavorable treatment outcome can potentially help the clinician guide care to improve outcomes in these high-risk patients. Our results reinforce the need to carry out further prospective studies to analyze the impact of host directed therapy, such as anti-inflammatory drugs, in patients with abnormal levels of simple biomarkers, such as neutrophil count.
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With an estimated 25% of the global population infected with Mycobacterium tuberculosis (Mtb), tuberculosis (TB) remains a leading cause of death by infectious diseases. Humoral immunity following TB treatment is largely uncharacterized, and antibody profiling could provide insights into disease resolution. Here we focused on the distinctive TB-specific serum antibody features in active TB disease (ATB) and compared them with latent TB infection (LTBI) or treated ATB (txATB). As expected, di-galactosylated glycan structures (lacking sialic acid) found on IgG-Fc differentiated LTBI from ATB, but also discriminated txATB from ATB. Moreover, TB-specific IgG4 emerged as a novel antibody feature that correlated with active disease, elevated in ATB, but significantly diminished after therapy. These findings highlight 2 novel TB-specific antibody changes that track with the resolution of TB and may provide key insights to guide TB therapy.
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Introduction

Tuberculosis (TB) continues to be one of the leading causes of death by infectious disease globally, and while the development of new protective vaccines continues to be a critically important goal for the fight against TB disease (1, 2), detecting active TB (ATB), the TB state with the greatest likelihood of spreading Mtb, for immediate treatment could profoundly prevent TB spread (3–5). Current immune-based diagnostics, including the tuberculin-skin-test (TST) or the interferon-gamma release assay (IGRA), can detect individuals with TB but cannot distinguish individuals with ATB from latent TB infection (LTBI), which accounts for ~95% of world cases, therefore limiting the ability to identify disease that requires immediate treatment (6, 7). Furthermore, current immune diagnostics cannot distinguish those who have successfully completed therapy from those with ATB and actively replicating Mtb.

Given the heterogenous manifestation of disease in individuals exposed to Mtb, it is not surprising that immune responses to Mtb are also heterogenous. And in humans, features of the immune response such as numbers of circulating NK cells (8), neutrophils (9), B cells (9, 10) and T cells (9) have been observed to differ in TB-diseased individuals depending on their disease severity and clearance of replicating Mtb following treatment. Phenotypic differences in the T cell response to TB have also been shown to associate with disease severity, with higher frequencies of proliferating and TH1-cytokine producing CD4 T cells observed in ATB compared to LTBI (11–14); these T cells diminish from circulation following therapy (15, 16). In addition, inflammatory signatures that include type I interferon, captured through whole-blood RNA sequencing, demonstrate a strong association with ATB disease, which also diminishes with treatment (9, 17).

Antibody-based measures are attractive alternatives to cellular measures of disease activity; these disease-specific immune responses are easily and directly captured from serum in an antigen specific manner. Measuring antibodies in sera is also technically simple and relatively rapid when compared to the cumbersome and variable measures of cellular immune responses. Importantly, a single antibody molecule measures both antigen-specificity within the variable domain (Fab) and inflammatory state of the disease within the constant domain (Fc) (18). Alterations in disease-specific IgG properties including antigen specific titers (19, 20), isotype switching (21), and glycosylation (22–26) provide insights into disease relapse or severity across diseases ranging from cancer (27, 28), autoimmunity (29, 30), and infections (20, 31). While changes in disease-specific titers do not always reflect changes in disease activity (32–35), alterations in disease-specific Fc-properties provide critical qualitative insights into disease activity. Given that changes in IgG Fc-profiles also track with altered Fc-effector function, unique humoral markers of disease activity may also provide additional insights into the mechanism(s) of enhanced disease control and even elimination. Along these lines, recent studies of TB-specific antibodies highlight the disease discriminatory activity of IgG Fc-glycosylation features (36, 37) that may point to unexpected mechanisms of anti-microbial control (36, 38–42).

Recent data indicate that B cells change not only in number but also phenotype and function during TB disease and after treatment (10). While decreased TB-specific IgG titers have been noted in several studies following TB treatment (43, 44), it remains unclear whether antibody Fc-profiles also shift with treatment. Humoral profile shifts could provide insights into long-term immunity after successful Mtb clearance and point to markers of TB treatment success. Thus, in this study we aimed to determine how the humoral immune response to Mtb differed among the TB states: LTBI, ATB, and txATB. We profiled the TB-specific humoral immune responses in the serum of individuals previously profiled for B cell phenotype and function (10) using a systems serology approach (45). These measures included total serum antibody titers, antigen-specific antibody titers, and antibody-mediated functional responses in human cells. And in light of our recent study of IgG glycans in LTBI/ATB discriminatory model performance, which found IgG-Fc glycans discriminated better compared to whole IgG and Fab-glycans (37); we focused on IgG-Fc glycans in the humoral profiling of this cohort. We observed significant differences in IgG-Fc glycosylation across individuals with LTBI and ATB disease, consistent with earlier observations in IgG from independent cohorts of LTBI and ATB individuals (37). Additionally, we found enrichment of TB-specific IgG4 among ATB individuals. Strikingly, these same antibody features distinguished ATB from txATB, suggesting that IgG4, in addition to IgG-Fc glycosylation, may also be a marker of ongoing inflammation and the ATB disease activity.



Methods


Study Subjects

Sample collection was approved by the ethical committee of INMI, approval number 72/2015; informed written consent was obtained before collection. ATB was confirmed via Mtb sputum culture and patients were enrolled within 7 days of starting the TB treatment (isoniazid, rifampicin, ethambutol and pyrazinamide for 2 months, followed by isoniazid, rifampicin for 4 additional months (46). TxATB subjects were patients who completed a 6-month course treatment for culture-positive pulmonary TB and were culture-negative at 2 and 6 months of therapy. LTBI subjects were mainly contacts recently exposed (within the previous 6 months) to smear-positive ATB patients with positive QuantiFERON TB Gold In tube (QFT-IT) (Quiagen, Germany) but without symptoms or radiological signs of ATB. Healthy donors were QFT-IT- and HIV- individuals not undergoing immunosuppressive drug treatments. Serum samples were collected in heparin tubes. An additional 10 healthy HIV- donors from the Greater Boston, Massachusetts area were recruited by Ragon Institute of MGH, MIT, and Harvard for serum assay controls. Blood samples were collected in ACD tubes from different donors in the Boston-area, for the isolation of Neutrophils for ADNP assays. NK cells used for assessing antibody function were derived from buffy coats of healthy HIV- donors collected by the MGH Blood Donation Bank. All study participants for additional healthy negatives and primary cell isolation gave written, informed consent, approved by the institutional review boards at Massachusetts General Brigham Hospital.



Total Immunoglobulin Quantification

Total quantities of IgG1, IgG2, IgG3, IgG4, IgM, and IgA were determined in serum samples diluted 1:15,000 and used the MILLIPLEX® MAP Human Isotyping Magnetic Bead Panel (Sigma-Millipore HGAMMAG-301K) to quantify total immunoglobulins.



Antigens for Antibody Profiling

Mtb antigen used to profile antibody responses included: PPD (Staten Serum Institute), recombinant (rec.) Ag85A and Ag85B combined in a 1:1 ratio (BEI Resources: NR-14871 and NR-4870), rec. ESAT6 and CFP10 combined in a 1:1 ratio (BEI Resources: NR-14868 and NR-49425), rec. GroES (BEI Resources: NR-14861), rec. glcB (provided by T. Ottenhoff), rec. HspX (BEI Resources; NR-49428). Non-TB infectious antigens included Influenza-HA antigen represented by a mixture of 7 recombinant HA antigens: H1N1-A/Brisbane/59/2007, B/Florida/4/2006, B/Malaysia/2506/2004, H1N1-A/Solomon Island/3/2006, H3N2-A/Wisconsin/67/X-161/2005, H3N2-A/Brisbane/10/2007 and H1N1-A/New Caledonia/20/99 (Immune Technology); tetanus toxin (Mass Biologics Lp1099p); and rec. pp65 for CMV (Abcam, 43041).



Custom Luminex Assay for Ag-specific Titer Determination

Multiple unique Luminex MagPlex carboxylated bead regions (Luminex) were coupled with the above-mentioned antigens to determine the antigen-specific titers present in the cohort serum samples. Serum samples were diluted 1:30, 1:100, 1:300, and 1:1000, and 1:3000 to generate an area under the curve (AUC) measurement using the detection reagents total IgG, IgG1, IgG2, IgG3, IgG4, IgM, IgA1, and IgA2 (Southern Biotech).



Antibody Dependent Cellular Phagocytosis (ADCP)

Biotinylated PPD was used to coat 1mm Neutravidin labeled yellow-green, fluorescent beads. Immune complexes were formed by combining PPD-beads, and combined with serum samples diluted 1:30, 1:100, 1:300, 1:1000 in PBS and incubated at 37C for 2hrs. Complexes were washed, 2x104 THP1 cells were added per well of 96-well plates and incubated for 1hr at 37C. Samples were then washed and fixed for analysis of bead uptake on an iQue Screener. Phagocytic scores were calculated as previously described (36) across sample dilution series and were used to calculate AUC.



Antibody Dependent Neutrophil Phagocytosis (ADNP)

Neutrophils were isolated from healthy donor blood collected in ACD tubes as previously described (36). Complexes were formed and incubated with isolated neutrophils as described for the ADCP above. After incubation, samples were stained with CD66b and fixed with 4%PFA. Bead phagocytosis was measured as described above, and the enrichment of neutrophils was confirmed with CD66b staining (BioLegend 305112). Phagocytic scores were determined as in ADCP across a serum dilution series ranging from 1:30 to 1:1000 and used to calculate Phagocytic Score AUC.



Antibody Dependent NK Cells Activation

ELISA plates were coated with 50mL of 2μg/mL PPD overnight at 4C. Coated plates were blocked with 5% BSA for 1hr at RT and washed 3x with PBS before 50μL of diluted serum (1:30, 1:100, 1:300, 1:1000) was added to each well. Serum dilutions were incubated 2hrs at 37C on antigen-coated plated and washed prior to adding 5x104 NK cells per well, isolated from healthy HIV- donor buffy coats by RosetteSep (Stem Cell 15065). CD107a-BV605 (BioLegend 328634), 5μg/ml brefeldin A (BioLegend 420601), and 0.7μl/mL GolgiStop (BD 554724) were also added to each well and incubated for 5hrs at 37C. Following this incubation, NK cells were surface-stained with CD16-BV785 (BioLegend 302046), CD56-PE-Cy7 (BD 335791), and CD3-APC-Cy7(BioLegend 300426). An intracellular stain was then performed using Perm/Fix Solution (BD 554714) with IFNγ-PE (BioLegend 506507) and anti-MIP1β-BV421(BD 562900). Samples were fixed with 4% and NK cell activation was analyzed on the iQue Screener. AUC frequencies of NK cells bearing CD107a, expressing IFNγ and MIP1β across, were derived from the signal across the dilution series tested in the donor cells.



Glycan Analysis of IgG-Fc

IgG was isolated from serum samples by incubating 10μL of serum diluted 1:20 in PBS with 25μL protein G beads (Millipore, Catalog #LSKMAGG10); the serum and beads were mixed at 4C for 16hrs. Excess serum protein was washed, and IgG-bound beads resuspended in digestion buffer containing 1uL IdeZ (NEB Catalog #P0770S) and IgG was digested at 37C for 2hr to remove Fab. IgG-Fc still bound to magnetic protein G beads were pelleted and washed on a magnet to separate Fc from Fab. Glycans from IgG-Fc were cleaved, enriched, and labeled with APTS according to manufacturer specifications in the Glycan Assure Kit (ThermoFisher A28676). To immune-precipitate and analyze antigen-specific IgG-Fc glycosylation, streptavidin-coated magnetic beads (NEB Cat# S1420S) were coated with biotinylated-PPD, as described above for ADCP. Antigen-coated beads were incubated with 300μL of serum at 4C for 16hrs. Excess protein was washed off the beads with PBS and Fc of the antigen-bound IgG was cleaved with IdeZ as described above. Supernatants were taken from this IdeZ reaction for glycan cleavage and staining according to the Glycan Assure protocol. Samples were run with a LIZ 600 DNA ladder in Hi-Di formamide (Thermo Fisher 4408399) on an ABI 3130XLl DNA sequencer. Data were analyzed using ThermoFisher Glycan Assure Analysis software; peaks were assigned based on migration of standards of known glycans and peak area was calculated. The measured peak areas per sample were totaled to report a relative frequency of each glycan structure identified.



Data Visualization and Analysis

Univariate data visualization and statistical analysis were performed using GraphPad Prism (Version 8.3.1). For multivariate analysis, MATLAB computing environment (version 2018b, Mathworks, Natick, MA) was used, supported by the Statistics and Optimization toolboxes, as well as the third party PLS toolbox (Eigenvector Research, Inc, Manson, WA). Spearman network visualizations were performed using Cytoscape (version 3.6.0).



Identification of TB Signatures With LASSO and OPLSDA

Computational analysis was used to build classification models that identify key features that most effectively resolved pairs of the LTBI, ATB and txATB states. These classification models were built using previously described methods (25, 45) combining (i) Least Absolute Shrinkage and Selection Operator (LASSO) method (47), for feature selection, and (ii) classification using the LASSO-selected features. For LASSO selection, a previously described nested cross validation framework was used to validate the robustness of the classification model (48). Orthogonalized Partial Least Square Discriminant Analysis (OPLSDA) (49, 50) was used to visualize LASSO-selected variables and assess their predictive ability for classifying TB states (Figures 2, 3, 4A, B). These input variables were centered and scaled to a standard deviation of 1. PLSDA models consisting of two LVs were constructed and then orthogonalized to condense the Y-block variance (group separations) into the first Latent Variable (LV1). LV1 captures the variance in features that are in the direction of the pairwise separation of the groups, while LV2 describes the variation orthogonal to this predictive component. To assess each model, 5-fold cross validation (CV) was performed on the data (100 random 5-fold cross validation). To assess model significance, permutation test was performed on the cross validated models by randomly shuffling the labels. The OPLSDA models performed significantly better than random with CV Wilcoxon p values of lower than 2E-3 across pairwise group comparisons. Variable Importance in Projection (VIP) scores were calculated (51) to rank the importance of each variable in the projection of the PLS model. To emphasize the direction of the contribution of each variable, negative and positive signs were added to VIP scores to indicate negative and positive Loadings of each variable on LV1.



Construction of the Correlation Network of the LASSO-Selected Features

Spearman correlation of the LASSO-selected Fc features to all original 78 TB-specific antibody features were calculated. Each node is a feature and the thickness of the edges between nodes is proportional to their correlation coefficients. The p-value depicting the significance of these correlations were corrected for multiple comparisons (Benjamini-Hochberg q-value < 0.05, testing the hypothesis of zero correlation). Only correlations with corrected p-values<0.05 were included.



Three-Way PLSDA Model

The LASSO-selected features from the three pair-wise group comparisons were pooled (total of 8 features) and a PLSDA model was developed to separate the three groups of LTBI, ATB and txATB. This model was not orthogonalized to better capture and visualize the pairwise group differences. The two-dimensional loadings on LV1 and LV2 were overlaid on the scores plot.




Results


LTBI and ATB Plasma Have Distinct Profiles of Fc-Glycosylation and TB-Specific IgG Subclass

We previously described the biophysical and functional features of purified IgG found in LTBI and ATB from cohorts of individuals from South Africa and US/Mexico (36, 37). However, whether these differences persist, or differ following successful antibiotic treatment remains unclear. Thus, here we aimed to define the impact of therapy on shaping the TB-specific humoral immune in a cohort of LTBI (n=21), ATB (n=20), and txATB (n=23) from Italy, with an additional group of healthy control individuals (n=17) from Italy and the USA (Table 1). Similar levels of circulating, non-antigen-specific IgM, total IgG and the subclasses IgG1, IgG2, Ig3, and IgG4 were observed in the serum of healthy, LTBI, ATB, and txATB individuals (Supplemental Figure 1A). In contrast, total IgA titers were significantly elevated in ATB compared to LTBI and txATB (Supplemental Figure 1A), consistent with previous observations in TB (52, 53). Additional differences in antigen-specific isotype (Supplemental Figures 1B–E), subclass (Supplemental Figure 2), total IgG-Fc glycosylation (Supplemental Figure 3), and Fc-mediated functional antibody responses in monocytes, neutrophils, and NK cells (Supplemental Figure 4) were noted across groups. The differences observed across this collection of measures suggested distinct humoral profiles existed not only in LTBI and ATB, but also txATB.


Table 1 | Cohort Demographics.



Given the univariate differences across this cohort, we sought to identify the humoral features of our dataset, which could best discriminate subsets of TB diseased individuals by applying a conservative multivariate analytic method to define a minimal set of distinguishing humoral features. We first aimed to determine whether LTBI and ATB were fully resolvable using antibody features as had been previously observed (36), and further, whether a minimal set of antibody-features could be identified, which resembled previous antibody profile differences. A least absolute shrinkage and selection operator (LASSO) (47) was first applied to reduce the number of features in our highly correlated dataset (Data Sheet 1), to avoid overfitting, and define a minimal set of these features that could discriminate the LTBI and ATB disease states. Using PLSDA for visualization, clear separation was observed between the LTBI and ATB antibody profiles (Figure 1A). Moreover, as few as 4 of the 78-total Fc-features selected by LASSO could resolve LTBI and ATB individuals, providing 91% cross-validation (CV) accuracy (Figure 1B); these included totaled di-galactosylated (G2); the di-galactosylated, fucosylated, and bisected (G2FB) structure; PPD-specific IgG4 levels; and singly-galactosylated, sialylated, fucosylated (G1S1F) structures.




Figure 1 | Fc-glycosylation and TB-specific IgG subclass distinguish LTBI and ATB individuals. An orthogonalized PLSDA (OPLSDA) model was created based on four LASSO-identified antibody features that discriminate LTBI from ATB (A, B). Latent variable 1 (LV1) explains 71% of Y variance in the direction of LTBI and ATB separation. 5-fold cross validation (CV) was performed, resulting in 91% CV accuracy. The model significantly outperformed models based on shuffled group labels (permutation testing, Wilcoxon p=2E-5) (A) PLSDA scores plot depicts model separation of LTBI (n = 21, yellow dots) and ATB (n = 20, blue dots). LV1 and LV2 account for 50% and 11% of the variability of the input features. (B) Variable Importance in Projection (VIP) scores plot of top features providing the greatest resolution of LTBI and ATB in rank-order. Directions of the bars signify loadings on LV1 and colors represent the disease groups in which measures were enriched. Pairwise comparison of LTBI (n = 21, yellow diamonds) and ATB (n = 20, blue triangles) individuals (C) The frequencies of totaled G2 structures without sialic acid on IgG-Fc of LTBI and ATB individuals. (D) AUC of PPD-specific IgG4 titers. (E) percentage of G2FB glycan on IgG (F) percentage of G1S1F glycan on IgG. Univariate plots (C-F) show median and interquartile range of each LASSO-selected measure; statistically significant differences between LTBI and ATB groups calculated using Mann-Whitney test: ***p < 0.0005 and ****p < 0.0001. The dotted lines represent median of healthy controls individuals tested. (G) Correlation analysis depicts other features that are positively (red lines) or negatively (blue lines) correlated with these four key features selected with LASSO (highlighted in yellow). The color intensity and width of the edges between nodes are proportional to the significance of correlation coefficients after correcting for multiple comparisons (Benjamini-Hochberg q-value < 0.05, testing the hypothesis of zero correlation). Only correlations with corrected p-values < 0.05 were included.



Univariate plots of the LASSO-selected features revealed statistically significant differences in all 4 features when comparing LTBI and ATB groups (Figures 1C–F). Specifically, the levels of totaled G2 (Figure 1C) and the G2FB structure (Figure 1E) on total IgG-Fc were enriched in LTBI. While PPD-specific IgG4 levels and the G1S1F structure were enriched in ATB IgG-Fc (Figures 1D, F). The differential IgG-Fc galactosylation seen across LTBI and ATB of this cohort is consistent with our previous observations in cohorts of LTBI and ATB samples from South Africa and the US/Mexico (36). However, the subclass enrichment of IgG4 antibodies in ATB represents a novel observation in TB disease. The coincidence of IgG4 and G1S1F on total IgG-Fc glycans of ATB is reminiscent of previous studies of subclass specific Fc-glycosylation, which found an enrichment in IgG4 of healthy individuals (54) and an elevation of G1S1F on IgG4 in patients with IgG4-related disease (55).

Given that the LASSO/PLSDA model selects features that solely account for the greatest variance across the antibody profiles being compared, additional distinctive antibody features that are correlated with the LASSO-selected features are not highlighted in this analysis. To explore the additional humoral features of our dataset that distinguished LTBI and ATB, we next generated a Spearman correlation network of the LASSO-selected features to highlight the relationship of this minimal set of features with the remaining 74 features measured (Figure 1G). Two networks emerged from this analysis: a large network linking the two LTBI enriched features (G2 and G2FB) linked via negative correlations to the ATB enriched IgG4 signature (Figure 1G, right), and a smaller second network consisting of features correlated with the ATB-associated G1S1F feature (Figure 1G, left). Importantly, IgG4 titers against multiple TB antigens, including intracellular TB proteins HspX and GroES, were co-correlated, pointing to a shift to IgG4 responses in ATB. Additionally, di-galactosylated features enriched in LTBI were linked to several galactosylated structures, reinforcing an overall elevated galactosylation profile in LTBI. Finally, total serum IgG and IgA levels, found to be elevated in ATB (Supplemental Figure 1A), were inversely correlated to the glycan features elevated in LTBI profile. These networks link qualitative/quantitative changes in the humoral profiles between LTBI and ATB states with the LASSO-selected features and highlight the unique enrichment of Mtb-specific IgG4 responses. Furthermore, depletion of IgG4 resulted in increased antibody effector function in neutrophils and NK cells (Supplemental Figure 5), pointing to IgG4 as a mechanistic player in dampening antibody function, as previously shown in HIV (56) and cancer (57). In summary, we find a critical recapitulation of glycan features of latency in an Italian cohort, highlighting the universal presence of this biomarker of ATB, that includes IgG4 levels, perhaps previously overlooked due to the purification methods used in our original study. These data reinforce a set of qualitative antibody Fc-features that discriminate LTBI from ATB.



Treatment of ATB Correlates With Reduced TB-Specific IgG4 Titers and Inflammatory Glycan Signatures

Treatment of ATB and the resolution of replicating Mtb has been linked to the resolution of inflammatory cytokines (9), shift in T cell phenotypes (15) and NK cell abundance (8) in the blood. Along these lines, previous cellular profiling of this cohort of individuals indicated that B cells were less proliferative and produced fewer antibodies in ATB, while B cells functioned normally following treatment (10). Given these previously observed differences following TB treatment, we next aimed to determine whether a minimal set of humoral features could distinguish txATB from ATB and mirror the recovered B cell responses found in txATB individuals.

LASSO was applied to select minimal features that distinguished ATB and txATB, and PLSDA visualization of the selected features provided nearly perfect distinction between the disease states, with 92% cross-validation accuracy (Figure 2A). The LASSO-identified features included: total IgG-G2, -G2FB, -G1S1F glycans, and PPD-specific IgG4 (Figure 2B). These antibody features point to the resolution of inflammatory Fc-glycosylation with treatment, with elevated G2 (Figure 2C) and G2FB (Figure 2D) structures on txATB IgG-Fc compared to ATB. In contrast, the frequency of IgG-G1S1F structures was significantly higher in ATB compared to txATB (Figure 2E). Finally, PPD-specific IgG4 titers were lower in txATB compared to ATB (Figure 2F), with txATB levels of PPD-specific IgG4 equivalent to those found in healthy controls (Supplemental Figure 2D). Collectively, these data suggest that inflammatory glycans and PPD-specific IgG4 titers, markers of ATB, are diminished in txATB.




Figure 2 | Fc-glycosylation and TB-specific IgG subclass distinguish ATB and txATB individuals. An OPLSDA model was constructed using LASSO-identified antibody features as input and txATB and ATB group separation as output (A, B). LV1 explains 63% of the Y variance in the direction of the txATB and ATB. 5-fold cross validation resulted in 92% CV accuracy. The model performed significantly better than models based on shuffled group labels in permutation testing (Wilcoxon p=1E-5). (A) OPLSDA scores plot depicts model separation of ATB (n = 20, blue dots) and txATB (n = 23, periwinkle open dots). LV1 and LV2 account for 61% and 23% of the variability in the input features. (B) VIP scores plot of top features providing the greatest resolution of ATB and txATB in rank-order. Directions of the bars signify loadings on LV1 and colors represent the disease groups in which measures were enriched. Pairwise comparison of ATB (n = 20, blue triangles) and txATB (n = 23, periwinkle open triangles) individuals (C) The frequencies of totaled G2 structures without sialic acid on IgG-Fc of ATB and txATB individuals. (D) percentage of G2FB glycan on IgG (E) percentage of G1S1F glycan on IgG. (F) AUC of PPD-specific IgG4 titers. Univariate plots (C–F) show median and interquartile range of LASSO-selected features and statistically significant differences between ATB and txATB groups calculated using Mann-Whitney test: ***p < 0.0005, and ****p < 0.0001. The dotted lines represent median of healthy controls (G) Correlation analysis depicts other features that are positively (red lines) or negatively (blue lines) correlated with these four key features selected with LASSO (highlighted in yellow). The color intensity and width of the edges between nodes are proportional to the significance of correlation coefficients after correcting for multiple comparisons (Benjamini-Hochberg q-value < 0.05, testing the hypothesis of zero correlation). Only correlations with corrected p-values < 0.05 were included.



Again, to further probe the dataset for additional shifts in the humoral response related to the LASSO-selected features, we generated a Spearman correlation network between the LASSO-selected features and the remaining features. A single correlated network emerged (Figure 2G), including a dense cluster of glycans and TB-specific IgG4 features that all diminished in the setting of treatment. In addition to the network of IgG4 titers that inversely correlated with glycan structures enriched in txATB, IgG2 and IgG3 titers specific for Ag85A/B and HspX features arose in the network and inversely correlated to G2 features. These relationships suggest that in addition to IgG4 titers, individuals with ATB utilize additional IgG subclasses, during persistent infection and exposure to Mtb antigens, that likely resolve following treatment. Finally, IgM-specific responses to PPD and ESAT6/CFP10 emerged in this analysis and were linked to G2 levels on IgG-Fc in the txATB group. As the first class of antibody produced in primary antigen exposure (58), the elevation of TB-specific IgM titers in txATB point to a development of novel naïve humoral responses following resolution of replicating Mtb (Supplemental Figure 1B). Together, these data highlight a significant shift in antibody isotypes following treatment, with an overall reduction of inflammatory IgG-Fc glycans and concomitant contraction of the ATB-specific IgG4 immunity across TB-specific antigens.



Higher TB-Specific Titers Distinguish txATB From LTBI

The overlapping features that distinguished both LTBI/ATB and ATB/txATB raised the question of whether humoral immunity in txATB and LTBI were largely similar or if humoral immunity could also distinguish these two states. Using LASSO/PLSDA on the humoral profiles, LTBI and txATB could be resolved with 81% cross-validation accuracy (Figure 3A). The LASSO selected features were largely enriched in the txATB compared to the LTBI individuals (Figure 3B); these included Ag85A/B-specific IgG and IgM titers as well as HspX-specific IgG1 titers (Figures 3C, E, F). And while the LASSO-selected TB titers did not reach univariate significance, the amount of antibody-mediated phagocytosis (ADCP) was significantly increased in txATB compared to LTBI (Figure 3D). These LASSO-selected features indicate higher antibody levels and function amongst txATB individuals. Moreover, network analysis underscored the prevalence of higher IgG1 titers against multiple TB-specificities in txATB individuals and pointed to the persistence of TB-specific antibodies in this recently treated population (Figure 3G). The elevated ADCP activity in txATB was linked to elevated neutrophil phagocytosis (ADNP), highlighting persistent antibody-mediated phagocytic activity following antibiotic treatment. Thus, txATB was distinguishable from LTBI in our multivariate analysis by higher antibody titers and enhanced opsonophagocytic function at the conclusion of treatment.




Figure 3 | TB-specific IgG titers distinguish LTBI and txATB individuals. An OPLSDA models was constructed using the LASSO-selected features to discriminate LTBI and txATB (A, B). The variance in the direction of separation of LTBI and txATB was condensed on LV1 (Y variance = 45%). 5-fold cross validation was performed, resulting in 81% CV accuracy. Permutation testing was performed, which showed that this model performed significantly better than models based on shuffled group labels (Wilcoxon p=0.002). (A) OPLSDA scores plot depicts separation of LTBI (n = 21, yellow dots) and txATB (n-23, periwinkle open dots). LV1 and LV2 account for 31% and 22% of the variability in the input features. (B) VIP scores plot of top features providing the greatest resolution of LTBI and txATB in rank-order. Directions of the bars signify loadings on LV1 and colors represent the disease groups in which measures were enriched Pairwise comparison of LTBI (n = 21, yellow dots and diamonds) and txATB (n=23, periwinkle dots and triangles) individuals. (C) AUC Ag85A/B-specific total IgG titers. (D) PPD-specific ADCP Phago Score (E) AUC Ag85A/B-specific IgM titers (F) AUC HspX-specific IgG1 titers. Univariate plots (C–F) shows median and interquartile range of LASSO-selected features and statistically significant differences of the LASSO-selected features between LTBI and txATB groups calculated using Mann-Whitney test: **p < 0.01. The dotted lines represent median of healthy controls (G) Correlation analysis depicts other features that are positively (red lines) or negatively (blue lines) correlated with these four key features selected with LASSO (highlighted in yellow). Edges between nodes are weighted using significant correlation coefficients after correcting for multiple comparisons (Benjamini-Hochberg q-value < 0.05, testing the hypothesis of zero correlation). Only correlations with corrected p-values < 0.05 were included.





Antibody Titer and Glycosylation Distinguish txATB From ATB and LTBI

Given the ability of our pairwise models to distinguish TB states, we next aimed to resolve all three TB states simultaneously using the features previously selected by LASSO. Strikingly, this model discriminated between all three states with 80% classification accuracy (Figure 4A). ATB was most distinct from LTBI using these features and showed some overlap with txATB. However, interdigitation was observed across LTBI and txATB individuals, pointing to an overlap of humoral profiles in these disease states. LASSO-selected features were superimposed on the PLSDA plot, in the quadrant in which it was enriched (Figure 4A). PPD-specific IgG4 and IgG-Fc glycan, G1S1F, were uniquely enriched amongst the cluster of ATB individuals within the PLSDA. A markedly higher level of Ag85-specific IgG was also associated with the ATB cluster. Conversely, enhanced levels of PPD-specific phagocytosis, elevated HspX-IgG, and Ag85-IgM were observed among txATB. Finally, enhanced di-galactosylation was observed on IgG-Fc from LTBI highlighting the importance of titers, function, and glycosylation, many of which were significantly elevated in LTBI and txATB compared to ATB at a univariate level (Figures 4B–I).




Figure 4 | Fc-glycans, TB-specific titers, and isotypes distinguish individuals on the TB spectrum. Three-way comparison of LTBI (n = 21, yellow dots and diamonds), ATB (n = 20, blue dots and triangles), and txATB (n = 23, periwinkle dots and triangles) individuals. (A) Using the features described in Figures 2–4, a three-way PLSDA analysis summarizes the comparison of LTBI, ATB, and txATB. The depicted biplot overlays the scores plots of individuals color-coded based on their TB status on the two-dimensional loading plots of the 8 input features (red diamonds). LV1 accounts for 27% of variance in X and 32% of variance in Y, whereas LV2 explains 14% X variance and 11% Y variance. To assess the model performance, 5-fold cross validation was performed resulting in 80% CV accuracy. Permutation testing results showed that this model outperformed 90% of models based on shuffled group labels (Wilcoxon p = 0.1). (B) AUC of PPD-specific IgG4 titers. (C) frequency of G1S1F glycan on IgG (D) frequency of G2FB glycan on IgG (E) The frequencies of totaled G2 structures without sialic acid on IgG-Fc. (F) AUC Ag85A/B-specific total IgG titers. (G) PPD-specific ADCP Phago Score. (H) AUC Ag85A/B-specific IgM titers (I) AUC HspX-specific IgG1 titers. Univariate plots (B-I) show median and interquartile range of the measured values and statistically significant differences between LTBI, ATB, and txATB groups were calculated using Kruskal-Wallis test with Dunn’s multiple comparison test correction: *p < 0.05, ***p < 0.0005, and ****p < 0.0001.






Discussion

With our growing appreciation of antibodies in TB immunity (36–39, 59, 60), changes in antibody isotype, subclass, and glycosylation are all emerging as biomarkers specific of disease activity. While many studies have described distinctive antibody features across LTBI and ATB disease, less is known about the changes in humoral immunity following treatment. Using systems serology, we observed significant differences in TB-specific antibody profiles across LTBI, ATB, and txATB, which highlight antibody changes that correlate with the burden of infection. As previously observed (36, 37), we found that LTBI and ATB are marked by distinct IgG-Fc glycosylation patterns, with an enrichment of glycans associated with inflammation in ATB. These observations are in line with an accumulation of inflammatory-glycans observed in antibodies of diseases including HIV (25) and autoimmune disorders (61–63). Importantly, we describe for the first time in txATB individuals an enrichment of G2 structures on IgG-Fc after the successful completion of treatment, pointing to IgG Fc-glycosylation as a marker of reduced replicating Mtb. A similar shift in IgG-Fc digalactosylation has been reported in a longitudinal study of IgG-Fc glycans in patients infected with hepatitis B; as treatment progresses and detectable viral DNA decreases, IgG-Fc digalactosylation increases (26). Additionally, we measured PPD-specific IgG-Fc glycans in the serum of a subset of TB diseased individuals from this cohort and found that levels of digalactosylated structures were also lower in ATB compared to LTBI and txATB (Supplemental Figures 6C, I). Unlike total IgG-Fc glycan measures, PPD-specific IgG-Fc was enriched for agalactosylated structures in ATB (Supplemental Figure 6G), a glycan structure found to be enriched on IgG in other inflammatory diseases (25). Thus, inflammatory Fc-glycans mark disease activity and track with the presence of replicating Mtb in ATB individuals.

Beyond antibody glycan changes, humoral comparisons within this cohort pointed to TB-specific IgG4 as a novel humoral marker of TB disease activity. While consistently low in titer, previous studies noted elevated LAM-specific (64) and PPD-specific IgG4 titers (65) in HIV- and HIV+ individuals with ATB, respectively. IgG4 emerges through class-switch late in disease due to its distance on the human IgG locus, and with low Fc-receptor and complement affinity is selected under high antigen-burden when antibody titers are high. In diseases with prolonged antigen exposure and inflammation including parasitic infections (66, 67), chronic Staphylococcus aureus (S. aureus) infection (68), chronic infectious aortitis (69), melanoma (57), and even following repeated high-antigen dose immunization (56, 70, 71) elevated IgG4 levels have been described. And in the wake of resolving antigen burden, a longitudinal analysis of patients chronically infected with Brugia malayi, demonstrated a rapid loss of IgG4 titers, and a preservation of IgG1 responses following treatment (67). Similarly, we observed no change in TB-specific IgG1 titers and a loss of TB-specific IgG4 titers in txATB, pointing to a similar trajectory of IgG4 as TB antigen is eliminated with therapy. And analogous to IgG2 and IgG3 titer declines observed following Brughia malayi treatment (67), although not statistically significant, we noted trends of decreased IgG2 and IgG3 titers in txATB compared to ATB in our co-correlate network analysis (Figure 2G and Supplemental Figures 2B, C). These data suggest that elimination of the antigen results in a shift of antibody subclass selection, with a more dramatic loss of IgG4 antibodies, suggesting that across TB disease, IgG4 may mark a more transient population of antibody-secreting cells that require high-antigenic stimulation to persist, making TB-specific IgG4 an attractive disease-specific marker of treatment success.

The balance of subclass, isotype, and glycosylation within an antibody immune complex can have significant functional consequences for Fc-mediated immune responses. IgG4 may arise to compensate for the pro-inflammatory activity of agalactosylated glycans that accumulate in active inflammatory diseases. In chronic parasitic infections, IgG4 levels are elevated in individuals with asymptomatic parasitic worm infection compared to symptomatic patients, and this IgG4 has been linked to immune-suppressed states (72) and blocking of antibody-mediated hypersensitive responses in basophils (66). IgG4 tend to exhibit enhanced antigen-affinity (73, 74); thus, IgG4 may outcompete binding of functional TB-specific antibodies in immune complexes, thereby diminishing antibody effector activity. And a study focusing on IgG4 biology, using monoclonal antibodies, found that IgG4 antibody could block phagocytic functions of antibodies (57). Moreover, a study comparing Yanomami people and Brazilians of European descent with ATB, found an association of TST anergy and elevated TB-specific IgG4 in the Yanomami people with ATB (75), leading the authors to speculate that the Yanomami developed immune responses to Mtb infection that is poorly protective against TB disease. Thus, the presence of IgG4 titers may not only be indicative of high antigen-burden in ATB but might dampen the antibody-mediated functions in TB.

Our findings point to a unique antibody profile in txATB that differs from ATB and LTBI. Both inflammation-associated glycosylation and IgG4 titers found in ATB are diminished upon completion of treatment, providing an attractive set of humoral features to explore more broadly in longitudinal studies tracking treatment success. It should be noted that our co-correlate network analysis in the pairwise comparisons of LTBI/ATB (Figure 1G), ATB/txATB (Figure 2G), and LTBI/txATB (Figure 3G) also highlighted both IgA and IgM related features that highly correlated with the features selected by LASSO/PLSDA models with additional discriminatory potential for the TB disease states studied here. We found significantly elevated total IgA, enriched in ATB, inversely correlated with digalactosylated IgG-Fc levels found in LTBI and txATB, suggesting expanded IgA titers also mark ATB state. Consistent with total IgA expansion in ATB, IgA2 titers specific for Ag85A/B were positively correlated were G1S1F on IgG-Fc (Figure 1G). While extensive antigens were not used to characterize the IgA response in this cohort, this observation is consistent with several findings of elevated TB-antigen specific IgA titers in untreated TB (52, 53, 76). Interestingly, PPD-IgM and HspX-IgG1 titers were significantly higher in txATB compared to ATB of this cohort (Supplemental Figures 1 and 2) and is consistent with a previous observation of expanded TB-specific antibody titers developing following TB treatment, which tracked with the control of replicating Mtb (77). Further studies will be important to identify Mtb antigen specificities that expand during therapy, which could be used to track treatment responses.
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Study Day (Time)/Parameter Placebo2 Doses AERAS-402(3 x 10 vp)2 Doses

(n=4) (n=8)
Screening
n 4 8
Mean 73+45 6.9+30
0-10 mm, n (%) 3(75.0) 7(875)
11-15 mm, n (%) 1 (25.0) 1(12.5)
Study Day 182
n 4 8
Mean 5.3 +3.86 39+0.83
0-10 mm, n (%) 3(75.0) 8(100.0)
11-15 mm, n (%) 1 (25.0) 0(0.0)
Shift from screening to study day 182, (%)
0-10 mm to 0-10 mm 3/4 (75.0) 7/8 (87.5)
11-15 mm to 0-10 mm 0/4 (0.0) 1/8 (12.5)
11-15 mm to 11-15 mm 1/4 (25.0)

0/8(0.0)
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Parameter/Study Day (Time) Placebo 2 Doses AERAS-402 (3 x 10710 vp) 2 Doses

(n=4) (n=8)
Response > LLOQ, n (%)
Study Day 0O (Pre-Vaccination) 3(75.0) 2(25.0)
Study Day 182 3(75.0) 4 (50.0)
Shift from Study Day 0 (Pre-Vaccination) to Study Day 182 (%)
>LLOQto > LLOQ 3/4 (75.0) 2/8 (25.0)
>LLOQto <= LLOQ 0/4 (0.0) 0/8 (0.0)
<=1L0Q to <= LLOQ 1/4 (25.0) 4/8 (50.0)
<=LLOQ to > LLOQ 0/4 (0.0)

2/8 (25.0)
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Solicited/Unsolicited events Placebo 2 Doses AERAS-402 (3 x 10" vp) 2 Doses

(n=4) (%) (n=8) (%)
Subjects with at least 1 adverse event 4 (100.0) 8(100.0)
Investigations 4(100.0) 8(100.0)
Blood creatine phosphokinase increased 1(25.0) 00.0
Blood creatinine increased 1(25.0) 0(0.0)
Hemoglobin decreased 4 (100.0) 8(100.0)
Lymphocytes count increased 1(25.0) 0.0
Neutrophils count decreased 0(0.0) 1(12.5)
Neutrophils count increased 0(0.0) 1(12.5)
White blood cells count increased 0(0.0) 1(12.5)
General disorders and administration site conditions 0(0.0 5 (62.5)
Gastrointestinal disorders 0(0.0) 1(12.5)
Musculoskeletal and connective tissue disorders 0(0.0) 1(12.5)
Respiratory, thoracic and mediastinal disorders 0(0.0) 1(12.5)

Renal and urinary disorders 1(25.0) 0(0.0
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Parameter Placebo 2 Doses AERAS-402 (3 x 10" vp) 2 Doses Total
(n=4) (n=8) (n=12)

Age (years)

n 4 8 12

Mean 28.3 27.4 277
Age Group (years), n (%)

18-30 4 (100.0) 7(87.5) 1(91.7)

31-40 0(0.0) 1(12.5) 1(83)
Gender, n (%)

Male 4(100.0) (100.0) 2(100.0)
Race, n (%)

Indian 4 (100.0) (100.0) 2 (100.0)
Height (cm)

n 4 8 12

Mean 164.80 168.55 167.30
Weight (kg)

n 4 8 12

Mean 62.28 69.50 67.09
Body Mass Index (kg/m?)

n 4 8 12

Mean 2297 24.47 23.97
Documentation of BCG Vaccination, n (%)

Medical history 4 (100.0) 8(100.0) 2(100.0)

Presence of scar 4 (100.0) 8(100.0) 2(100.0)
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Gene symbol and name* lllumina Probe ID  Direction of regulation*

A

GBPS ILMN_1756953 Up
Guanylate Binding Protein

Family Member 6

TMCCT ILMN_1677963 Down

Transmembrane and
Coiled-Coil Domain Family 1

PROM1 ILMN_2294784 Up
PR/SET Domain 1

ARG1 ILMN_1812281 Down
Arginase 1

*In patients with TB compared to OD.

Gene symbol and name* lllumina Probe ID  Direction of regulation*
B

FCGRIA ILMN_2176063 Up

Fo Fragment of IgG

Receptor la

ZNF296 ILMN_1693242 Down

Zinc Finger Protein 296

cioB ILMN_1796409 Up

Complement C1q B Chain

“In patients with T8 compared to LTB.
These were taken forward for further characterization and validation using dPCR, and
subsequently development as diagnostic biomarkers for TB. Gene names are according
to HUGO Gene Nomenclature Committee. LTBI, Latent TB infection; OD, other diseases.
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Comparison

TBvs. OD

TBvs. OD
(non-pulmonary)

TBvs. OD

TBvs. LTBI

Cohort

Beny (Overal)

Beny (Stills disease)
Berry (adllt systemic lupus
erythematosus; ASLE)

Beny (pediatric systemic
lupus erythematosus; PSLE)

Berry (Staphylococcus)
Berry (Streptococcus)
Bloom (Lung cancer)
Bloom (Pneumonia)
Bloom (Sarcoidosis)
Bery (South Africa)
Beny (UK training + test)

N

213

85
82

136

94
66
51
49
96
51

AUC (95% Cl)

92.8(87.6-97.9)
94.7 (88.9-100)
94.6(89.0-100)

91.9(86.0-97.8)

88.3(79.6-96.9)
983 (95.2-100)
94.6 (87.2-100)
90.4 (75.0-100)
63.4 (54.6-74.0)
98.9(96.8-100)
90.6 (83.2-98.1)
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Group TB HIV+ TB HIV- OD HIV+ OD HIV-

A
Number 10 10 10 10
Age (years) mean 323 319 343 414
(range) (263-48.0)  (18.1-60.7)  (24.9-53.1)  (19.1-68.1)
Sex (male, %) 50 50 20 30

BMI (kg/m?) mean 195 19.4 243 22.4
(range) (168-229) (163-24.2¢  (180-39.3) (17.2-33.0P
CD4 count (mm?) 2225 NA 252.8 NA
mean (range) (29.2-646.0) (19.3-838.0)

Anti-retroviral o NA 50 NA
therapy (%)

20ne missing value; ® Three missing values.

Group TBHIV+  TBHIV- LTBIHIV+  LTBIHIV-
B

Number 10 10 10 10
Age (years) mean 326 39.7 36.7 319
(range) (242-47.5) (2900-598)  (225-632)°  (189-59.2)
Sex (male, %) 60 50 20 40
BMI (kg/m?) mean 203 204 216 219
(range) (168-251)  (14.3-20.4) (1652587 (17.7-20.4)
CD4 count (mm?) 2260 NA 466.1 NA
mean (range) (29.2-345.0) (227.0-958.0)°

Anti-retroviral 0 NA 0 NA
therapy (%)

TST induration ND ND 229(40-5008 166
(mm) mean (range) (10.0-21.0)

20ne missing value; ®Two missing values.
BMI, body mass index; NA, not applicable; ND, not done; TST, tuberculin skin test; LTBI,
Latent TB infection; OD, other diseases.
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Signature
crp
HIV pos
HIV neg
o-marker
HIV pos
HIVneg
Optimal
HIV pos
HIV neg
No Provious T8
HIV pos
HIV neg
Previous T8
HIV pos
HiVneg
Optimal Excluding CRP
HIV pos
HIV neg

Sratures: Stemarer AAoA-1, CFH, CRP, [FN-x 1P-10, SAAL optimal (306 and CRP. optimal exchuding CRP §-309, NCAM and SAA). Nefest-set sampies.

2828888588

o
&
21
2

01
8

316

AU (95% CI)

085 081.088)
079(070087)
086(081.090)
085080090)
080(065.092)
085079091)
090086094)
089 080095)
090086094
092 086.095)
092 (084.097)
092 087-096)
083(070093)
084(062.097)
079(060095)
089 085094)
088(079094)
089 084099)

Sensiiiy (95% C)

085 081.088)
083056099
086079092)
089081-0%)
080 065.095)
08308009
093 087-097)
087 073-100)
091084098
094083099
095 085-1:00)
093085099
081 067-100)
070 0:40-1:00)
082 0:45-1:00)
092 085.097)
093077-100)
089 081-096)

Speciicity (95°% CI)

074054084
072039089
070(054.085)
060(034:082)
057 (014095
061029085
068(036.082)
061 (047.089)
073040089
069(036.087)
064(050089)
074(043.092)
060020099
073(027-100)
068(0:13.097)
070 047.084)
056 (0:40.084)
077 052:092)





OPS/images/fimmu-12-637164/crossmark.jpg
©

2

i

|





OPS/images/fimmu-12-637164/fimmu-12-637164-g001.gif
'd N

oo

e e i nes






OPS/images/fimmu-12-639174/fimmu-12-639174-g002.gif





OPS/images/fimmu-12-639174/fimmu-12-639174-g003.gif
s





OPS/images/fimmu-12-608846/fimmu-12-608846-t003.jpg
Biosignature  AUC Accuracy in training set Accuracy in test set or after leave-one-out Performance according to

(95% Cl) cross-validation WHO TPP
Sens. Spec Sens Spec PPV NPV Sens Spec
(95%Cl) (95%Cl) (95%Cl) (95%Cl) (95%Cl) (95%Cl) (atSpec  (at Sens >90%)
270%)

4-marker biosignature (1-309, procalcitonin, CRP, PDGF-BB) identified in the Norwegian cohort

098 92.9% 89.5% 91.8% 89.5% 97.5% 708% 100 89
(096-100)  (853-97.4)  (66.9-987)  (83.8-966)  (66.9-987)  (913-99.3)  (54-83.4)
Performance of the 4-marker biosignature in the South African cohort
0.90 68.2% 93.2% 68.2% 91.5% 75% 885% o1 76
(0.82-098)  (45.1-86.1)  (835-98.1)  (45.1-86.1)  (81.3-97.2)  (55.3-87.9)  (80.6-93.5)
5- marker biosignature (C1q, procalcitonin, CRP, PDGF-BB, Ferritin) identified in Pulmonary TB from the Norwegian cohort
1.00 100% 100% 100% 100% 100% 100% 100 100
(1.00-1.00) (89.9-100) (79.4-100) (89.9-100) (79.4-100)
Performance of the 5-marker biosignature in the South African cohort
076 77.3% 57.6% 63.6% 57.6%  35.9(26.6-46.4)809 (70.1-88.5) 59 44

(0.65-0.88)  (546-92.2)  (44.1-70.4)  (40.7-82.8)  (44.1-70.4)
3-marker biosignature (MMP-9, IP-10, sCD40L) identified in the South African cohort

0.90 68.2% 88.1% 68.2% 83.1% 68.2% 88.1% 8 68
(0.83-097)  (45.1-86.1)  77.1-95.1)  (45.1-86.1)  (77.1-951)  (60.3-82) (80-93.2)
Performance of the 3-marker biosignature in the Norwegian cohort
058 49.4% 57.9% 48.2% 36.8% 77.4% 13.7% 38 16
(0.44-0.72)  (38.4-605)  (335-797)  (373-59.3)  (163-616)  (69.4-837) (79229
Performance of the 3-marker biosignature in Pulmonary TB from the Norwegian cohort
050 38.2% 68.4% 20.4% 31.6% 435% 20% a7 o
(0.34-066)  (222-56.4)  (43.4-87.4)  (15.1-47.5)  (12.6-566)  (206-685)  (11.1-33.4)
5-marker biosignature (G-CSF, C3b/iC3b, procalcitonin, IP-10, PDGF-BB) identified in the Norwegian and South African cohorts combined
094 84.2% 91.8% 72.7% 90.5% 88.9% 76% % 78
(0.89-099)  (721-92.5)  (80.4-97.7)  (49.8-82.3)  (69.6-988)  (67.2-96.8)  (61.2-86.4)
6-marker biosignature (RANTES, G-CSF, C1q, CC8, CFH, IP-10) identified in Pulmonary TB from the Norwegian and South African cohorts combined
093 82.4% 83.7% 66.7% 81% 71.4% 77.3% 912 735

(0.83-098)  (655-93.2)  (70.3-927)  (38.4-88.2)  (68.1-94.6)  (49.1-866)  (61.7-87.6)

Biosignatures generated from date obtained in the Norwegian cohort (pulmonary T8 + extrapulmonary TB), South African cohort (oulmonary T8) and when the cohorts (Norway and
SA) were combined are shown. The Leave-one-out cross-validation method was applied to the Norwegian cohort (N = 104) and South African cohort (N = 81), whereas the training and
test set method was used when both cohorts were combined (N = 185) to determine the predictive accuracy of biosignatures. The performance of biosignatures were aiso evaluated
against the minimum sensitiity and specificity values of the minimum WHO target product profie (TPF) for a triage test. AUC, Area under the ROC curve; Sens, sensitivity; Spec,
specificity; PPV, Positive Predictive Value; NPV, Negative Predictive Value; Cl, Confidence Interval.
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Biosignature Auc Sens. Spec Sens Spec PPV NPV

(95% CI) (95%C1) (95%Cl) (95%Cl) (95%C1) (95%Cl) (95%C1)
Accuracy in training set Accuracy in test set or after leave-one-out cross-validation
NORWEGIAN COHORT
*Chegou et 084 69.9% 88.2% 67.5% 64.7% 90.3% 30%
(9) (CRP, SAA, (0.75-0.93) (58.8-79.5) (63.6-98.5) (563-77.4)  (383-858)  (82.8-948)  (203-39.4)
IFN-y, IP-10, GFH,
ApoA-1)
Jacobs et al. (10) 094 81.2% 94.7% 78.8% 89.5% 97.1% 48.6%
(CRP, SAP, (0.90-0.99) (71.2-88.8) (74-99.9) (68.6-869)  (669-987)  (89.9-99.2)  (37.9-59.4)
NCAM-1, Ferritin,
1-309, GDF-15)
NORWEGIAN AND SOUTH AFRICAN COHORTS COMBINED.
Training set (n = 105; n = 56 TB, n = 49 ORD) Test set (n = 43;n = 227TB, n = 21 ORD)
*Chegou et al. (9) 085 75% 77.6% 63.6% 80.9% 77.8% 68%
(CRP, SAA, IFN-y, 0.77-0.92) (61.6-85.6) (63.4-88.2) (40.7-828)  (68.1-945)  (67.8-809)  (54.1-79.3)
IP-10, CFH, ApoA-1)
Jacobs et al. (10) 087 5% 85.7% 63.6% 762% 78.7% 66.7%
(CRP, SAP, (0.80-0.94) (61.6-85.6) (72.8-94.1) (@0.7-828)  (528-91.7) (65-86.5) (62.3-78.5)
NCAM-1, Feritin,
1-309, GDF-15)

Previously published biosignetures; a serum biosignature (%), and a plasma biosignature (10), were evaluated in the Norwegian cohort and in Norwegin and South African
cohorts combined.

*One of the key biomarkers in the 7-marker serum biosignature (transthyretin) was unavaiable, hence data shown is for performance of the remaining 6 analytes in the signature.
AUC, Area under the ROC curve; Sens, sensitivity; Spec, specificity; PPV, Positive predictive value; NPV, Negative predictive value; Cl, Confidence Interval.
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Abbreviation

Full name

Reagent kits purchased from Merck Millipore, Billerica,

Massachusetts, USA
CRP

sAA
saP
ApoAt
clg
C3b/iCb
ccs
co4
CFB

CFH

Creactive protein

Serum amyloid A

Serum amyloid P component
Apolipoprotein At
Complement component 1
Complement component 3b
Complement component 3
Complement component 4
Complement factor B
Complement factor H

Reagent kits purchased from R&D Systems, Minneapolis,

Minnesota, USA
Anti-thrombin Il
ADAMTS13
TGF-«

IFN-y

IP-10

TNF-o, TNF-B
Ferrtin
Myoglobin

PCT

Pentraxin 3
CCL1/-309
MIG/CXCLY
VEGF

VEGFR3
GDF-15

NCAM

TNFRIl
RANTES
PDGF-BB
MCP-1

MDC

G-CSF

ICAM-1
VCAM-1
SCD40L

MPO

MMP-(1, 2, 9)
coL1s

MIP-1a, MIP-1B
IL-(22, 18,
12(p40),12(p70), 2,
8,13)

IL-1Ra

IL-4Ra

IL-2Ra

IL-6Ra

Anti-thrombin I

A disintegrin and metalloproteinase with a
thrombospondin type 1 motif, member 13
Transforming growth factor alpha
Interferon gamrma

IFN-y-inducible protein

Tumor necrosis factor-(alpha), beta
Feritin

Myoglobin

Procalcitonin

Pentraxin 3

Chemokine (C-C mottif) ligand 1

Monokine induced by gamma interferon
Vascular endothelial growth factor
Vascular endothelial growth factor receptor 3
Growthvdiferentiation factor 15

Neural cell adhesion molecule

Tumor necrosis factor receptor 2
Regulated on activation, normal T cell expressed
and secreted

Platelet derived growth factor BB
Monocyte chemoattractant protein 1
Macrophage derived chemokine
Granulocyte colony stimulating factor
Intercellular adhesion molecule 1

Vascular cell adhesion protein 1

Soluble CD40 ligand

Myeloperoxidase

Matrix metalloproteinase

Chemokine (C-C moltif) ligand 18
Macrophage inflammatory protein 1 (alpha), (beta)
Interleukin

Interleukin-1 receptor antagonist
Interleukin-4 receptor alpha

Interleukin-2 receptor alpha

Interleukin-6 receptor alpha
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Characteristics TB ORD

Norway ~SouthAfrica Norway ~ South Africa

Participants (\) 85 22 19 59
Age,mean+SD 8674139 872%112 606121 4194138
Males, n (%) 55 (65) 14(69) 7@7) 24.(41)
HIV pos, 1 (%) 8(9) 1(6) 00 0
Type of TB, n (%)

PTB 34 (40) 22 (100) NA NA
EPTB 39 (46) /

PTB + EPTB 12 (14) /

Ethnicity, n (%)

Caucasian 27(32) / 18 (95) /
Asian 22 (26) / 16) /
African 34 (40) / / 29
Colored (SA) / 22 (100) / 57(97)

Other Respiratory Diseases (ORD) in the Norwegian cohort consisted of lower respiratory
infections, mostly confimed as bacterial pneumonia by chest X-ray and routine blood
cultures. As describedin (12), the South African ORD group consisted of individuels with a
range of other diagnoses including acute exacerbations of chronic obstructive pulmonary
disease or asthma, upper and lower respiratory tract infections including virel and becteriel
infections. Attempts to identity these organisms by bacterial or viral cultures were not
made. T8, tuberculosis; ORD, other respiratory diseases; PTB, Pulmonary T; EPTB,
Extrapulmonary TB; SD, standard deviation; pos, positive.
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1403 part

1207 participants

ants with suspected
tuberculosis recruited from 7 sites

Clinical and laboratory assessment

for classification

787 ORD

1005 randomly selected participants

Host markers evaluated by Luminex

196 excluded

157 Data unavailable
39 Samples unavailable

94 Excluded

85 Questionable cases
9 Conflicting data

1

602 Training set

« Sparse LDAmodel
generation

* ROC curve analysis

401 Test set

Sparse LDA model
evaluation
ROC curve analysis
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Training set Test set

ROC AUC 84.(78-90)

Sensitivity 82 (73-90) 81(65-92)
Specificity 74 (64-83) 63 (46-78)
PPV 75 (65-84) 68 (52-81)
NPV 81(71-89) 77 (59-90)
After adjustment of cut-off for increased sensitivity

Sensitivity 89 (80-94) 79 (63-90)
Specificity 48 (37-69) 41 (25-58)
PPV 64 (55-73) 58 (43-71)
NPV 80 (67-90) 65 (43-84)
After adjustment of cut-off for increased specificity

Sensitivity 61(50-71) 58 (41-74)
Specificity 91(82-96) 89 (75-97)
PPV 87 (76-94) 85 (65-96)
NPV 69 (59-77) 67 (52-80)

This analysis was performed using data on the ILULU-TB cohort only (n = 249). Patients
were randomly assigned to training and test sets at a ratio of 70:30. The signature
comprised Complement FH, IP-10, CRR, SAA, and Transthyretin. Resuits are shown both
before and after adjusting the probabilty threshold in the training set for diagnosing T8 to
increase each of sensitivity and specilficity in tum to 90%.
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Training set Test set

Sensitiity 72 (61-81) 73 (56-86)
Specificity 80 (70-88) 71 (54-85)
PPV 77 (66-86) 71 (54-85)
NPV 75 (65-83) 73 (56-86)
After adjustment of cut-off for increased sensitivity

Sensitivity 82 (73-90) 92 (78-98)
Specificity 64 (53-74) 58 (41-74)
PPV 69 (59-77) 68 (53-80)
NPV 79 (68-88) 88 (69-97)
After adjustment of cut-off for increased specificity

Sensitiity 65 (54-75) 43 (27-61)
Specificity 89 (80-94) 95 (82-99)
PPV 85 (74-92) 89 (65-99)
NPV 72 (63-81) 63 (49-76)

This analysis was performed using date on the ILULU-TB cohort only (n = 249). The
same patients with the same allocations to training and test sets were used s for the
GDA analyses (Table 4).
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Training set Test set

ROC AUC 90 (86-95) 84 (73-94)
Sensitiity 83 (75-90) 86 (73-95)
Specificity 82 (73-89) 74 (58-86)
PPV 84 (75-91) 85 (70-94)
NPV 82 (73-89) 76 (62-87)
After adjustment of cut-off for increased sensitivity

Sensitivity 90 (83-95) 92 (80-98)
Specificity 71 (61-80) 71 (56-84)
PPV 75 (66-82) 75 (62-86)
NPV 89 (80-95) 90 (76-97)
After adjustment of cut-off for increased specificity

Sensitiity 73 (63-82) 75 (60-87)
Specificity 90 (82-95) 81 (67-91)
PPV 87 (78-94) 80 (65-91)
NPV 78 (69-85) 77 (63-88)

This analysis was performed using data on the ILULU-TB cohort only (n = 249).
The same patients and allocations were used as for the GDA and Random Forests
analyses (Tables 4, 5). This signature comprised fibrinogen, alpha-2-M, CRR, MMP-9,
transthyretin, complement FH, IFN-gamma, IP-10, and TNF-alpha.
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HIV uninfected HIV infected Total
(% of OD
Karonga Cape Town Karonga Cape Town  group)

Peumonia/ 12(33%) 6(16%) 15(47%) 15(38%) 48 (33%)
Bronchitis/PCP

Malignancy or 38%) 13(35%) 108% 26%)  19(13%)
neoplasia other than

Ks*

Genitourinary 6(17%)  4(11%)  2(6%) 1@%)  13(9%)
Meningitis 4(11%)  00%) 4(13%) 2(6%)  10(7%)
(bacterialviral/

unspecified)

Gastroenteritis/ 00%  26% 0% 6(15%)  8(6%)
Hepatitis

Kaposis Sarcoma  0(0%) 0%  1(8%) 6(15%)  7(5%)
Pyelonephritis 00%  7(19%) 00% 0% 7(6%)
Cryptococcal 0% 00% 2(6% 368%  5(3%
meningitis

Pleural 00% 1%  00% 4(10%)  5(3%
effusion/empyema

(hon-TB)

Bacteraemia (source  1(3%)  0(0%)  4(18%) 00%  5(3%)
not identified)

Other™* 5(14% 00% 0(0% 00%  5(@%)
Hepatobiliary disease  0(0%)  4(11%)  0(0%)  0(0%)  4(3%)
Peritonitis 3(8%) 00% 1(3%)  0(0%) 4.3%)
Malaria 16% 00% 1@% 00%  2(1%)
1BD 00%) 00% 0% 1@%  1(1%)
Pyomyositis 1(3%) 0(0%) 0(0%) 0(0%) 1(1%)
Persistent 00% 00% 1B% 00%  1(1%)
generalised

lymphadenopathy

TOTAL 36 a7 32 40 145

Data are stratified by HIV status and site. *Lung cancer (n = 7), lymphoma (n = 3),
dermatological tumour (n = 2), unspecified (1 = 2), mesothelioma (n = 1), hepatocelular
carcinoma (n = 1), metastatic adenocarcinoma (n = 1), benign salivary gland tumour (n
= 1). “Epilepsy (n = 3), headache (n = 1), pain unspecified (n = 1). One patient had no
diagnosis listed, hence data is shown for 145 patients.





OPS/images/fimmu-12-639174/fimmu-12-639174-t003.jpg
Protein Number tested ROC AUC in ROC AUC in
from ILULU-TB ILULU-TB study AE-TBC study

cohort (%) (%)
Complement FH 202 70 (64-76) 58 (53-62)
1P-10 282 66 (60-73) 82 (79-86)
IFN-gamma 284 66 (60-72) 80 (76-84)
SAA 263 65 (58-71) 83 (80-86)
VEGF 278 64 (57-71) 70 (65-74)
Haptoglobin 263 64 (58-71) 62 (57-66)
SAP 267 64 (57-71) 58 (53-63)
Transthyretin 292 61(55-68) 78 (74-82)
Apo-Clll 202 58 (51-64) 65 (61-70)
Feritin 263 57 (50-64) 78 (75-82)
tPA 263 57 (50-64) 72 (68-76)
Alpha-2-M 267 57 (50-64) 54 (49-58)
Fibrinogen 263 56 (49-63) 73 (69-77)
TGF-alpha 284 55 (49-62) 73 (69-77)
TNF-alpha 284 53 (46-59) 69 (65-74)
MMP-9 202 53 (47-60) 59 (53-64)
Apo-Al 202 52 (45-50) 69 (65-73)
Procalcitonin 263 52 (45-59) 68 (63-72)
IFN-alpha-2 284 52 (45-58) 67 (62-71)
MMP-2 292 52 (45-58) 54 (49-69)
CRP 267 51 (43-58) 84 (81-87)
IL1RA 283 51 (44-58) 63 (58-68)

Areas under the receiver operating characteristic curve (ROC AUC) for the performance
of each protein in distinguishing T8 (n = 146) from OD (n = 146) are shown, regardless of
HIV status or site. Proteins are lsted in descending order of performance in the ILULU-TB
cohort with the numbers of patients for which results were obtained for that protein. ROC
AUCs are shown as percentages. Results from the AE-TBC study are shown to the right
for comparison (6). Bracketed values indicate 95% confidence intervals.
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ROC AUC
Sensitivity
Specificity
PPV
NPV

AE-TBC cohort
(discovery set)

91 (89-93)
85 (80-90)
85(81-88)
71 (85-76)
93(20-95)

ILULU-TB cohort (validation set)

98 (94-100)
12 (7-19)
52 (45-58)
88 (64-99)

For this analysis, the entire AE-TBC cohort was used s the discovery set (n = 701), and
the whole sample of the ILULU-TB cohort s the validation set (n = 249). Results are
shown with the threshold for defining a case of TB at the default setting (o > 0.5). All
results are given as percentages. PPV, positive predictive value. NPV, negative predictive
value. Bracketed values represent 95% confidence intervals.
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site Clinical group

Karonga B, HIV-
8, HIV+
OD, HIV-
oD, HIV+

Cape Town TB, HIV-
B, HIV+
OD, HIV-
oD, HIV+

TOTAL

Train (70%)

29
14
1
24
21
21
27
27

174

Test (30%)

3
17
20
4
9

10

75

TOTAL

32
31
31
28
30
29
31
37

249

Numbers in each of the clinical subgroups and at each study site are shown. Patients
were allocated to train or fest set at random. Only those patients with results for all 22

proteins were included.
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TB, HIV- TB, HIV+ LTBI, HIV- LTBI, HIV+ 0D, HIV- OD, HIV+

CPT  Karonga CPT  Karonga CPT  Karonga CPT  Karonga ~ CPT  Karonga  CPT  Karonga

Number 37 36 a7 36 40 33 37 36 38 35 41 32

Age (IQR) 325 36 338 332 20.7 39 312 445 412 432 33.6 333
(265-419) (255-53.4) (20-87.9) (28-39.7) (19:3-23.4) (32.4-51.4) (27.9-851) (35.5-49) ~(29.2-51) (27.5-636) (286-36.7) (204-412)

Male 25(604) 19(528) 16(432) 19(528) 16(40) 15055 10@27)  9@5)  17(@47) 11(@14)  16(40)  11(344)

(%)

CD4+count n/a na 170 168 wa n/a 345 312 na na  183(95-272) 182

(QR) (69-293)  (45-276)° (231-523) (246-421) (107-229)

On ART n/a na 2(54)  8(222) wa n/a 1@7) 00 na n/a 18(45)  12(376)

(n (%)

BMI (QR) 204 184 209 188 236 227 243 216 22.4 208 212 196

(184-236)° (16:6-19.3) (186-23.4) (18-20.8) (215-28.7) (20.6-28.7) (209-279) (18.7-237) (20-1-238F (196-23) (19:8-23.9F (18.1-21.5)

These are shown by study site for each of the six clinical groups: active TB (TB), healthy controls with latent TB (LTB}), and unwell patients with other diseases (OD) who initially had T8
in their differential diagnosis. The definition of a TB case was culture positivity for Mycobacterium tuberculosis (Mitb). The definition of an OD case was a confirmed other diagnosis plus
exclusion of TB. HIV+, HIV infected; HIV=, HIV uninfected; CPT, Cape Town; IQR, interquartile range; ART, antiretroviral therapy; BMI, body mass index; n/a, not applicable. Numbers
of missing values were <5 except where indicated by letters a-d (a b=51¢c=19 0).
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GSE19491

(SubSeries:
GSE19435,
GSE19439,
GSE19442,
GSE19444)

GSE40553
GSE56153
GSE42834
GSE39941
GSE37250

GSE103119

(GSE94438
GSE124548

Year

2010

2012

2014

2013

2014

2013

2018

2018
2019

Reference

Berry

Bloom

Ottenhoff

Bloom

Anderson

Anderson

Wallihan

Thompson
Kopp

Platform

GPL6947

GPL10558

GPL6883

GPL10558

GPL10558

GPL10558

GPL10558

GPL11154
GPL20301

Participants Age

Adults

Adults

Adults

Adults

Children

Adults

Children

Adults
Adults

Race distribution

African European

European

Asian

African

African

African

Participants classification

PTB, LTB, and HC;

PTB

PTB, HC

PTB, lung cancer, other
pulmonary diseases

PTB, other diseases

(HIV +/-)

PTB, other diseases

(HIV +/-)

HC, pneumonia caused by
bacterial or viral infections
household contact

pulmonary disease caused by
cystic fibrosis

Treatment

3 time-points: 0, 2,
12 months in GSE19435

5 time-points: 0, 0.5, 2, 6,
12 months

3 time-points: Active,
Treatment, Recover

2 time-points: 6, 18 months
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Gene p-value Threshold Specificity Sensitivity

TB score 1 0.000238 0.784 0.879

VAMPS  0.191 0.002816 0.609 0.951
BATF2 0.043  0.000082 0.758 0.795
SERPIGI 0.0395 0.000493 0.636 0.837

- - UBE2L6 0.002 0.000013 0.462 0.818

== TB score: AUC=0.84 (95% CI 0.8 - 0.88)
== VAMPS5: AUC=0.82 (95% CI1 0.79 - 0.86)
= UBEZ2L6: AUC=0.69 (95% CIl 0.64 - 0.74)
= SERPIG1: AUC=0.81 (95% CI1 0.77 - 0.85)
= BATF2: AUC=0.82 (95% CI1 0.79 - 0.86)
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False Positive Rate (1-Specificity)
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TB
Number of people 51
Gender (male, proportion) 78.4%
Age (median, range, and years) 35 (20-83)
Date of inspection 1/2019 and 6/2019

TB, Tuberculosis; LC, Lung cancer; HP, Healthy population.

LC

30

7/2019

Pulmonary inflammation

32

7/2019

HP

16
56.256%
20-40
7/2019
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Genes

BATF2
(NM_138456.3)
UBE2L6
(NM_004223.3)
VAMPS
(NM_006634.2)
SERPING1
(NM_001032295.1)

B-actin

Primers

F-CACCAGCAGCACGAGTCTC
R-TGTGCGAGGCAAACAGGAG
F-CGCGCTGTGTCGCGG
R-GCAGGGGCTCCCTGATATTC
F-ATGCGTAACAACTTCGGCAAG
R-GGCCAGGTTCTGTGTAGTCTT
F-GGGATGCTTTGGTAGATTTCTCC
R-GAGGATGCTCTCCAGGTTTGT
R-ACAGTTGGTCCATAGCCTGC
F-TTCCTTCCTGGGCATGGAGTCC
R-TGGCGTACAGGTCTTTGCGG
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Methods Cutoff AUC (95% CI) Sensitivity Specificity PPV (95% CI) NPV (95% CI) PLR NLR Accuracy

value (95% CI) (95% CI) 95% Cl)  (95% CI)
CD4* T cell 404 0.768' (0.675- 57.41% (44.16%- 85.00% (73.89%- 77.50% (62.50%- 68.92% (57.66%- 3.83(2.01- 05(0.36- 71.93%
number (/) 0.862) 69.67%) 91.90%) 87.69%) 78.31%) 7.29) 0.7)
CD8"* T cell 203 0.661% (0558 35.19% (23.82%- 90.00% (79.85%- 76.00% (56.57%- 60.67% (50.29%- 3.52 (1.52- 0.72(0.58- 64.04%
number (/) 0.764) 48.52%) 95.34%) 88.51%) 70.18%) 8.16) 0.89)
NK cell number 156 0.877 (0.809- 68.52% (55.26%- 95.00% (86.30%- 92.50% (80.14%- 77.08% (66.25%- 13.7 (4.48- 033 (022- 82.46%
() 0.946) 79.32%) 98.29%) 97.42%) 85.13%) 41.9) 0.49)
Boellnumber () 93  0.632% (0.525- 38.89% (27.04%- 85.00% (73.89%- 70.00% (52.12%- 60.71% (50.02%- 259 (1.3- 0.72 (057- 63.16%
0.738) 52.21%) 91.90%) 83.34%) 70.47%) 5.16) 0.91)
HLA-DR'CD3* T 247  0.625% (0.517- 40.74% (28.68%- 85.00% (73.89%- 70.97% (53.41%- 61.45% (50.69%- 2.72(1.37- 07 (0.55- 64.04%
cells (%) 0.733) 54.03%) 91.90%) 83.91%) 71.19%) 5.38) 0.89)
Treg (%) 382 0.653 (0.548- 44.44% (32.00%- 90.00% (79.85%- 80.00% (62.70%- 64.29% (53.62%- 4.44 (1.97- 062 (0.48- 68.42%
0.758) 57.62%) 95.34%) 90.50%) 73.70%) 10.05) 0.8)
CD4* T cell 138 0.764% (0.676- 42.50% (30.33%- 90.00% (79.85%- 79.31% (61.61%- 63.53% (52.92%- 4.26(1.88- 0.64 (0.5- 67.54%
function (%) 0.852) 55.84%) 95.34%) 90.16%) 72.97%) 9.67) 0.81)
CD8" T cell 412 0761 (0.669- 62.96% (49.63%- 83.33% (71.97%- 77.27% (63.01%- 71.43% (59.95%- 3.78 (2.07- 0.44 (0.31- 73.68%
function (%) 0.852) 74.58%) 90.69%) 87.16%) 80.68%) 6.89) 0.64)
NK cell function 621  0.716' (0.620- 37.04% (25.42%- 93.33% (84.08%- 83.33% (64.15%- 62.22% (51.90%- 5.56 (2.03- 0.67 (0.54- 66.67%
(%) 0813) 50.37%) 97.38%) 93.32%) 71.54%) 15.23) 0.84)
Diagnostic model 0676  0.911 (0.855- 81.48% (69.16%- 90.00% (79.85%- 88.00% (76.20%- 84.38% (7357%- 8.15(3.77- 021 (0.12- 85.96%
0.967) 89.62%) 95.34%) 94.38%) 91.29%) 17.59) 0.36)

*Compared with diagnostic model using z statistic, P < 0.01; *compared with diagnostic model using z statistic, P < 0.001; ATB, active tuberculosis; HC, healthy controls; AUC, area under
the curve; PPV, positive predictive value; NPV, negative predictive value; PLR, positive likelihood ratio; NLR, negative likelihood ratio; Cl, confidence interval.
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Methods

CD4* T cell
number (/)
CD8" T cell
number (/ul)

NK cell number
(/)

B cell number (/ul)

HLA-DR*CD3* T
cells (%)
Treg (%)

CD4* T cell
function (%)
CD8" T cell
function (%)

NK cell function
(%)

Diagnostic model

Cutoff
value

404

203

156

93

24.7

3.82

13.8

4.2

62.1

0.676

AUC (95% CI)

0.788" (0.694-
0.882)
0.633" (0.528-
0.737)
0.852* (0.778-
0.927)
0.629% (0.523-
0.736)
0.611% (0.504-
0.719)
0.613* (0.506-
0.720)
0.766% (0.678-
0.854)
0.782" (0.692-
0.873)
0.744* (0.650-
0.838)
0.920 (0.867-
0.973)

Sensitivity
(95% ClI)

57.41% (44.16%-
69.67%)
35.19% (23.82%-
48.52%)
68.52% (55.26%-
79.32%)
38.89% (27.04%-
52.21%)
40.74% (28.68%-
54.08%)
44.44% (32.00%-
57.62%)
42.59% (30.33%-
55.84%)
62.96% (49.63%-
74.58%)
37.04% (25.42%-
50.37%)
81.48% (69.16%-
89.62%)

Specificity
(95% CI)

91.23% (81.06%-
96.20%)
85.96% (74.68%-
92.71%)
87.72% (76.75%-
93.92%)
85.96% (74.68%-
92.71%)
80.70% (68.66%-
83.87%)
80.70% (68.66%-
88.87%)
92.98% (83.30%-
97.24%)
92.98% (83.30%-
97.24%)
91.23% (81.06%-
96.20%)
91.23% (81.06%-
96.20%)

PPV (95% CI)

86.11% (71.34%-
93.92%)
70.37% (51.52%-
84.15%)
84.00% (70.63%-
92.07%)
72.41% (54.28%-
85.30%)
66.67% (49.61%-
80.25%)
68.57% (52.02%-
81.45%)
85.19% (67.52%-
94.09%)
89.47% (75.87%-
95.83%)
80.00% (60.87%-
91.14%)
89.80% (78.24%-
95.56%)

NPV (95% CI)

69.33% (58.17%-
78.61%)
58.38% (47.66%-
68.29%)
74.63% (63.07%-
83.51%)
59.76% (48.94%-
69.70%)
58.97% (47.89%-
69.22%)
60.53% (49.29%-
70.75%)
63.10% (52.42%-
72.63%)
72.60% (61.44%-
81.51%)
60.47% (49.90%-
70.14%)
83.87% (72.79%-
91.00%)

PLR
(95% CI)

6.54 (2.75-
15.59)
251 (1.2-
5.04)
5.58 (2.72-
11.43)
2.77 (1.34-
5.72)
241 (1.13-
3.93)
2.3 (1.25-
4.29)
6.07 (2.25-
16.41)
8.97 (3.41-
23.59)
422 (1.71-
10.45)
9.29 (3.98-
21.66)

NLR
(95% ClI)

0.47 (0.34-
0.64)
0.75 (0.6-
0.94)
0.36 (0.24-
0.54)
0.71 (0.56-
09)
0.73 (0.57-
0.95)
0.69 (0.53-
09
0.62 (0.49-
0.79)
0.4 (0.28-
0.57)
0.69 (0.55-
0.86)
0.2 (0.12-
0.36)

Accuracy

74.77%

61.26%

78.38%

63.06%

61.26%

63.06%

68.47%

78.38%

64.86%

86.49%

*Compared with diagnostic model using z statistic, P < 0.05; 'compared with diagnostic model using z statistic, P < 0.01; *compared with diagnostic model using z statistic, P < 0.001;
ATB, active tuberculosis; LTBI, latent tuberculosis infection; AUC, area under the curve; PPV, positive predictive value; NPV, negative predictive value; PLR, positive likelihood ratio; NLR,
negative likelihood ratio; Cl, confidence interval.
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Species Referencef(s) Detection Stimulatory

method antigen(s)
Buftalo (Syncerus @2 Bovigam® PPD
caffer) @3 IGRA
(1) QFT/Mabtech  EC
EUSA
QFT/Cattletype®  EC
ELISA
White rhino (113) QFT/Mabtech  EC
(Ceratotherium ELISA
simum)
Wild dog (Lycaon (114) QFT/R&D EC
pictus) Quantikine
ELISA
Badger (Meles meles) ~ (115) IGRA (in-house) ~ PPD/EC
Alpaca (Vicugna (116) Mabtech ELISA ~ PPD/EC
pacos)
Red deer (Cervus (17 IGRA (in-house)  PPD/EC/Rv
elaphus)
White-tailed deer (118) Cenvigam™ PPD
(Cdocoileus ELISA
virginianus)
Reindeer (Rangifer
tarandlus)
Sambar deer
(Cervus unicolor)
Gattle (Bos taurus) @1)(Meta-  Various PPD/EC
analysis)
Goat (Capra hircus) (110) Bovigam® PPD
IGRA
Pig (109) IGRA (in-house) ~ PPD

PPD, purified protein derivative (bovine/avian); EC, ESAT-6/CFP-10; Ry, Rv36156/Rv3020;
QFT, QuantiFERON®-TB Gold stimulation platform.
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Variables ATB (n = 54)
Age, years 51 (33-62)
Sex, male, % 31 (67.41%)
TB history 12 (22.22%)
Underlying condition or illness

Diabetes mellitus 3 (5.56%)
End-stage renal disease 2(3.7%)
Liver cirrhosis 23.7%)
Positive mycobacterial culture 45 (83.33%)
Positive GeneXpert MTB/RIF 39 (72.22%)

LTBI (n = 57)

51 (35-66)
28 (49.12%)
0(0%)

3(5.26%)

2(3.51%)

1 (1.75%)
N/A
N/A

HC (n = 60)

52 (35-68)
34 (56.67%)
0(0%)

0(0%)

0(0%)

0(0%)
N/A
N/A

ATB, active tuberculosis; LTBI, latent tuberculosis infection; HC, healthy controls; TB, tuberculosis; N/A, not applicable. Data were presented as medians (25th-75th percentiles) or

numbers (percentages).
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Cytokine

[
(-3
ILA7A
122t
IL-10*
IFN-y'
1P-10°
IL-1p
OXCLY

IL, interleukin;

Species

Cattle, white-tailed deer
Cattle

Cattle

Cattle

Cattle, goat

Multiple (see Table 2)
Warthog, African buffalo, cattle
Cattle

Cattle, lion, spotted hyena,
cheetah, warthog

Reference(s)

(87,75,76,78)
(39,79, 84)

(80,81, 85-69)

(5. 25, 80, 88, 90-99)
(35,37, 94-97)
(72,74)

(29,30, 72, 98, 99)
(5,31, 82,91)

(6,25, 77,92, 100~
108)

IFN-y, interferon-gamma; IR, IFN-y-induced protein; “have also shown

potential to distinguish between different bTB states i.e., early infection, active disease.
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Cells Differentially Expressed miRNAs Analysis Platform Reference
Human
MDMs infected with MTB or BCG miR-155, miR-146a, miR-145, miR-222, miR-27a, and miR-27b Tagman low-density array ~ (110)
MDMs from TB patients, LTB, and TBvs HC: Tagman microarray (71)
Healthy individuals Upregulated (hsa-miR-16, hsa-miR-137, hsa-miR-140-3p, hsa- miR-193a-3p, hsa-  quantitative PCR
miR-501-5p, and hsa-miR-598)
Downregulated (hsa-miR-95)
LTB vs TB: Upregulated (hsa-miR-101 and hsa-miR-150)
Unique expression in LTB (miR-146b-3p and hsa-miR-296-5p)
MDM infected with TB LM miR-125-b gPCR (50)
MDM infected with M. smeg LM miR-155
MDM infected with MTB H37Rv Upregulated (miR-155, miR-21, miR-146a, miR-29a, miR-264a, let-7b, miR-34, miR-  Nanostring nCounter (65)
132 & miR-138) miRNA assay
Downregulated (miR-660, miR-144, miR-301b, miR-128, miR-423-3p, miR-410,
miR-27a, miR-93, miR-107, miR-345, miR-221, miR-25, miR-23b, miR-361-5p,
miR-130b & miR-340)
MDM infected with MTB Upregulated (miR-132, miR-146-5p, miR-30e, let-7i, miR-490-3p, miR-29¢, miR- Nanostring nCounter (57)
26a, miR-21, let-7b & miR-29a) miRNA assay
Downregulated (miR-25, miR-23b, miR-331-3p, miR-423-3p, miR-548f, miR-340,
miR-24, miR-107, miR-93, miR-324-5p, miR-188-5p, miR-130b, miR-410, miR-
361-5p, miR-197, mir-27a, miR-128, miR-345, miR-379, miR-133a & miR-221.
Primary monocytes and MDMs from Upregulated-miR-582-5p gPCR (75)
active TB patients and controls
Primary macrophages from TB patients ~ Upregulated miR-223 gPCR 62)
vs controls
Macrophages from TB patients and Downregulated miR-365 gPCR (67)
controls
MDM infected with MTB Upregulated miR-106b-5p qPCR (70)
Mouse
BMDMs infected with MTB 6 upregulated (miR-21, miR-21*, miR-146a, miR-146 b, miR210, and miR-155), 1 Microarray and gPCR (111)
downregulated (miR-223)
BMDMs infected with Mtb 4 upregulated (miR-24, miR-142, miR-155, and miR-212) and 3 downregulated Gene expression (112)
(miR-19a, miR-202, and miR-376a) microarray
BMDMs infected with BCG miR-21 Tagman quantitative real-  (63)
time PCR
BMDMs infected with MTB Upregulated miR-27b gPCR (79
BMDMs infected with MTB 3 upregulated (miR-155, miR-146a & miR-21) Tagman low-density (1)
arrays
Mouse peritoneal macrophages & Upregulated miR-146a qPCR (60)
BMDMs
Cell Line
U937 macrophages 149 DE (miR-424-5p, miR-493-5p, miR-27 b-3p, miR-296-5p, miR-377-5p, miR- Microarray (113)
3680-5p)
THP-1 cells infected with Beijing/W or 13 downregulated (let-7e, let-7f, miR-10a, miR-21, miR-26a, miR-99a, miR-140-3p, Tagman microarray (71)
non-Beijing/W strains miR-150, miR-181a, miR-320, miR-339-5p, miR-425, and miR-582-5p) quantitative PCR
THP-1 cells infected with virulent or 9 DE (miR-30a, miR-30e, miR-155, miR-1275, miR-3665, miR-3178, miR-4484, Microarray (114)
avirulent Mtb strains miR-4668-5p, and miR- 4497)
THP-1 cells infected with MTB HN878 12 upregulated (miR-33b*, miR-146a, miR-155, miR-132, miR-146b-5p, miR-720, (115)
miR-30e, miR-661, miR-140-3p, miR-3651, miR-328, and miR-378
THP-1 cells and U937 cells Upregulated miR-32-5p gPCR (66)
THP-1 cells Upregulated miR-30a gPCR (55)
RAW264.7 cells and infected with MTB 3 upregulated (miR-155, miR-146a, and miR-21) Tagman low-density (1)
arrays
RAW264.7 cells infected with MTB Upregulated miR-27b qPCR (79
RAW264.7 cells infected with MTB Downregulated let-7f SYBR Green-based (58)
miRNA profiling array
RAW264.7 cells Downregulated miR-20b-5p Semi quantitative PCR (72)
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LTBI ATB txATB Controls
Individuals: 21 20 28 17
Age, (median +IQR): 31 (21-77) 35 (23-67) 37 (17-70) 31(23-57)
Gender, Females: 15 (71%) 2 (10%) 15 (65%) 10 (59%)
BCG Vaccinated: 9 (41%) 19 (95%) 15 (65%) 5 (29%)
Mos. post treatment (median IQR): 8(1-72)
Origin, n (%): West Europe: 12 (57%) 1 (5%) 10 (43%) 14 (825)
East Europe: 5 (24%) 15 (75%) 7 (30%) 2 (12%)
Asia: 1(5%) 1(4%)
Africa: 2 (10%) 2 (10%) 3 (13%)
South America: 2 (10%) 1 (5%) 2 (9%) 1 (6%)
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Test

n
Total globulin®
Globulin (g/L) 76
Immunoglobulin class
IgM (g/L: mean + SD) 49
19G (g/L: mean = SD) 49
IgA (g/L: mean  SD) 49
IgE (log IU/ml: mean = SD) 48
IgE anti-BCG antibody RAST (og. mean + SD) 49
1gM to lipoarabinomannan® 11
5

@ Only ages 16-45 years.

b2

7, P = 0.017 for those with any measurable titers.

Female

Mean + SD

420£7.09

230+ 0.69
25.20 + 7.80
5364234
2.82+059
327 £095

228 £0.39

167

61
61
61
61
61
16
11

Male

Mean + SD

43.6+7.04

1.80£0.74

24.10 +8.90
5.08 £+ 1.92
3.07 +£0.64
352071

1.62 £0.62

P-value

NS

0.0004
NS
NS

0.038
NS

0.048

Criterion

>329L

>25gL
>16g/L
> 8g/L
> 320 UL
>3
0
~168

Diagnostic utility: n (%)

I3

71(93.4)

15 (30.6)
45 (91.8)
40(81.6)
33(68.8)
25(51.0)
6(54.5)
5(455)

120 (95.2)

8(18.1)
55 (90.2)
55 (90.2)
50 (82.0)
47(77.0)
426.7)
426.7)

P-value

NS

0025
NS
NS
NS

0.004
NS

Ns®
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Test

Contacts S+PTB

NoTB

T8 developed later

Migrants
No TB

TB developed later

Treated TB

207
126

1102
514

Females, 16-45 years

Induration (log mean  SD)

118 £0.22

117 £0.25

0.92 £0.31

121£0.13

1.05+0.26

n

210
147

1183
602

20
15

Males, 16-45 years

Induration (log mean % SD)

1.18£0.23

126 £0.19

0.97 £0.27

1.18£0.18

1.01+£024

P-value

NS

NS

NS

NS

NS

Criterion

“Diagnostic” utility: n (%)

Female

86 (41.5)
105 (50.7)
123 (69.4)
81(39.1)
4(50.0)
5(62.5)
7(875)
1(12.5)

157 (14.3)
267 (24.2)
422 (38.3)
588 (53.4)
5(55.6)
7078
8(88.9)
1(11.1)
2(22.2)
5(55.6)
6(66.7)
3(33.3)

Male

80 (42.4)
127 (60.5)
142 (67.6)
63(30.0)
4(66.7)
5(83.9)
6(100)
00

177 (15.0)
319(27.0)
535 (45.2)
581 (49.1)
11(55.5)
13 (65.5)
15 (75.0)
5(25.0)
2(222)
6(66.7)
7(77.8)
1(11.1)

P-value

NS
0.045
0.082

0.05

NS

NS

NS

NS

NS
NS
0.0008
0.04
NS
NS
NS
NS
NS
NS
NS
NS
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Test

IGRA-QFT*

Contacts S+PTB (number)

TB antigen (positive tests only—no T8; log  SD)
TB antigen (positive tests only—TB; median, range)
Migrants

Spontaneous IFNy (negative tests only; log  SD)
Spontaneous IFNy (positive tests only; log = SD)
Mitogen IFNy (negative tests only; log = SD)
Mitogen IFNy (positive tests only; log = SD)

T8 antigen (positive tests only—no T8; log  SD)
T8 antigen (TB developed: median, range)
T-SPOT.7TB°

Contacts S+PTB (number)

T8 antigen [positive tests, no TB; median (range)]
TB antigen [TB, positive tests: median (range))
Migrants

Spontaneous IFNy (negative tests; median, range)
Spontaneous IFNy (positive tests; median, range)
Mitogen IFNy (negative tests; median, range)
Mitogen IFNy (positive tests; median, range)

T8 antigen (positive tests, no TB; median, range)
TB antigen (TB developed; median, range)

Female 16-44 years

n

207
51

953
236
823
194
231

10

~

973
174
696
116
169
8

Values

0.48 %048
272(0,92)

—0.85+033
—0.74+041
1.14 038
1.12:£038
0.24 £ 047
2.88(0,8.76)

285 (8, 820)
150, 162)

00,8
0(0,7)
50 (20, 256)
50 (22, 231)
31(8,250)
56 (16, 358)

Males 16-44 years

161
49

o

1061
288
o941
244
287
21

144
35

968
268
760
199
263

14

@ Contacts of S+PTB showed no difference in negative and positive controls, nor T8 antigen values.

b QFT denominators UK PREDICT TB study only: for contacts of S+PTB were 164 (females) and 144 (males) and for migrants TB antigen QFT were 1,144 (female) and 1,311 (male).

Values

0.49 % 049
4.01(1.74, 10)

—080 4036
—0.66+0.45
1212030
119021
039+ 049
0.41(0,10)

26 (8,195)
75 (2,164)

0(0.8
00,8
50 (20, 265)
50 (24, 233)
32(8,398)
25(9, 193)

P-value

NS
NS

<0.0013
0.03
<0.0001
0.005
0.005
NS

NS
NS

0.02
NS
NS
NS
NS
NS

Criterion

>0.35
1U/mL

> 0.35/mL.

>10 IU/mL

>0.35 IU/mL

Positives
T8 later and
positive

Positives
Positives
>100 spots
2100 spots
Positives
B later and positive

“Diagnostic” ul

Females

25(16.1P
5(71.4)

95(100)
44.(187)
652 (79.2)
130 (67.0)
231 (2029
7(70.0)

20(13.0)
0
3(42.9)

0
0
145 (20.9)
17 (14.7)
169 (14.8)
8(80.0)

n (%)

Males

33 (229
5(83.9)

145 (13.8)
63 (21.9)
822 (87.4)
185 (75.8)
287 (21.9
11(52.4)

35(24.8)
0
4(80.0)

0
o
146 (19.2)
22(11.1)
263 (21.3)
14.(70.0)

P-value

NS
NS

0.008
NS
<0.0001
0.042
NS
NS

0.01

NS

NA
NA
NS
NS
0.00004
NS

¢ T-SPOT denominators UK PREDICT TB study only, excluding borderline and indeterminate results: for contacts of S+PTB were 154 (female) and 141 (male) and for migrants, spontaneous interferon-y was higher in males (x? = 5.4

for those with visible spots compared to those with no spots,

0.02) TB antigen data were 1,153 {females) and 1,254 (males).
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Test

n

IGRA-QFT?

T8 antigen (positives only: log % SD) 16
16

Culture-positive PTB: TB antigen (positives only; log + SD) ~ 32

27
Delayed hypersensitivity

PPD-RT23 (mm induration % SD) 57
New tuberculin (mm induration £ SD) 96
Blood Flow velocity (V  SD) 46
Central slowing 46
Immunocytochemistry (new tuberculin)

CD4+ cells (log + SD) 36
CD8+ cells (log  SD) 37
CD14+ macrophages (log + SD) 36

Females

Values

0.62 £ 0.549

0.65 +0.55

174+£59

139+ 3.6

6.70 £2.30

NA

2644023
209039
2.78+0.18

n

37
34

115

& &

Males

Values

0.54 £0.49

0.60 + 0.57

16.6 £4.9

129£39

5.81+£1.90

NA

2.62+0.18
2.00 £0.39
2.73+0.16

P-value

NS

NS

NS

007

0.037

NS
NS
NS

“Diagnostic” utility n (%)

Criterion

0-0.34 IU/mL.
> 035 IU/mL
=10 1U/ml
0-0.34 1U/mL.
> 035 IU/mL
= 101U/mi

Present

282
232
3.02

Females

1(6.3)
15 (93.8)
6(37.5)
5(15.6)
27 84.4)
10(31.3)

50(87.7)
54(94.7)
1(18)
46 (47.9)
87 (20.6)
2@.1)

12 (26.1)
10 27.8)

17 46.0)
2(6.6)

8Includes only those aged 16-45 year (for UK PREDICT TB study diagnosis of culture-positive pulmonary tuberculosis within 2 months of first screening).

Males P-value

3(8.1) NS
34919 NS
9(26.5) NS
6(9.7) NS
56(003) NS
16258 NS
54 (84.4) NS
59(922) NS
1(1.6) NS
42 (36.5) NS
100(87.0) NS
4(3.5) NS
7(127) 009
9(200) 009
13289 0.1
0(0) NA
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Neutrophils (10%mm?)
Glycosylated Hemoglobin (%)
Platelet (10%/mm®)
Lymphocytes (10%/mm?®)
Leukocytes (10%/mmq)
Hemoglobin (g/dL)

Anemia: Yes

Glycosylated Hemoglobin (%):

<6.7
5.7-6.5
>6.5

Favorable treatment outcome
N=635

5.98 [4.36;7.64]
5.80 (5.40;6.30]
387 [31.1:47.2)
15.7 [12.1;19.5]
8.48 [6.49;10.4]
122 [11.1;134]
355 (56.2%)

294 (46.6%)
198 (31.4%)
139 (22.0%)

Unfavorable treatment outcome
N=56

7.24 [4.41,9.89]
6.15 [5.75;6.73]
39.6 [32.0;50.6]
14.4[9.77;21.1]
10.1 [6.45;13.2)
10.7 [9.50;12.6]
39 (69.6%)

14 (25.0%)
20 (35.7%)
22 (39.3%)

P-value

0.014
0.448
0.176
0.870
0.051

<0.001
0.050

Ref.
0.038
0.001

Values are represented as frequency (%) or median with interquartile range (IQR). 95% confidence intervals are displayed. P-values computed via Wald tests. Favorable outcome: cured or

treatment completion; Unfavorable outcome: death, treatment failure, recurrence. Anemia: hemoglobin levels <12 g/dL for female and <13.5 g/dL for male. OR, odds ratio.
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Immune response

Tcell
Spontaneous IFNy production
Mitogen IFNy production
Antigen-specific IFNy production
Delayed hypersensitivity
Tuberculin response

Histopathology

Antibody
Total

Anti-mycobacterial antibody

19G antibody to purified antigens® (21)

Epitope-specific antibody

Diagnostic measure

Negative control IGRA
Positive control IGRA
IGRA test result

48h induration to tuberculins
Blood flow velocity
Central necrosis/slow blood flow

CDAa+ T cells
CDB+ T cells
Macrophages (CD14+)

Giobulin (g/L)
IgM
I9G
IgA
IgE

IgEsp.
38KkDa

32 KDa/Antigen 858

30 KDa/Antigen 85A
Hsp16/16 kDa/

Hsp65

19 kDa

Lipoarabinomannan (LAM)
Competition assay with mAbs
Protein antigens

Anti-LAM antibodies

@ Hormone-induced sex-specific immune responses have been studied in models not closely related to tuberculosis.

b More antigens and higher antibody levels are found in patents with S+PTB, especially if there are lung cavitie

s, both features of male disease.

Predictions®

F>M(14)
F>M(15, 16)
F>M(16)

F>M
F>M
Uncertain

F>M(i7, 18)
M > F (19, 20)
M>F

F>M(@1,22)
F>M@2)
No difference
No difference
M=F(23)or
M > F(24)

M > F(25)

F > M(26)
OrM >F (27)

M> F(28)

M > F (28-31)
M > F (28-31)

F > M(26)
M> F(28)
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Age at enroliment:
Race:/skin color: Non-black
Sex: Male

HIV: Yes

HIV treatment: Yes

CD4 (cells/mm?)

Smoking: Yes

Smoking (years)

Alcohol: Yes

BCG scar: Yes

Alcohol (years)

X-ray cavitation: Yes
Literate: Yes

Education (years):

Income: more than minimum wage
DOT: Yes

Study site:

moow>»

Favorable treatment outcome
N=635

37.0 [26.0;49.0]
471 (74.3%)
404 (63.6%)
92 (14.5%)
72 (88.9%)

150 [63.5;358]
131 (20.6%)

16.0 [6.00,26.0]
281 (44.3%)
549 (86.6%)

14.0 [7.00;28.0]
328 (54.5%)
32 (5.04%)

10.0 6.00;12.0]
223 (35.9%)
408 (64.7%)

125 (19.7%)
154 (24.3%)
163 (25.7%)
85 (13.4%)
108 (17.0%)

Unfavorable treatment outcome
N=56

36.5 [25.0;49.5]
42 (75.0%)
37 (66.1%)
22 (39.3%)
15 (93.8%)

112 (62.8;161]
11 (19.6%)

11.0 [5.25:20.0]
21 (37.5%)
48 (85.7%)

13.0 [5.5023.0]
25 (48.1%)

2 (3.57%)
9.00 5.00;12.0]
18 (32.1%)
34 (60.7%)

6 (10.7%)
29 (51.8%)
13 (23.2%)
6 (10.7%)
2 (3.57%)

P-value

0.964
0.925
0.725
<0.001
0.631

0.059
0.884
0.178
0.334
0.827
0.681

0.378
0.687
0.265
0.583
0.554

Ref.
0.001
0.327
0.528
0.261

Values are represented as frequency (%) or median with interquartile range (IQR). 95% confidence intervals are displayed. P-values computed via Wald tests. Smoking: current smoker
(Yes/No); Alcohol: current (Yes/No) Literate: literacy (Yes/No); Income: monthly salary. CD4: CD4 count at baseline. Study site: sites covered by RePORT. Favorable outcome: cured or
treatment completion; Unfavorable outcome: death, treatment failure, recurrence. OR, odds ratio; DOT, direct observed treatment. Study sites: A — Caxias Health Center/Rio de Janeiro,

B- Tropical Medicine Foundation/Manaus; C: Jose Silveira Foundation/Salvador;

Evandro Chagas Institute-Rio de Janeiro; E: Rocinha — Municipality of Rio de Janeiro.
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Difference®
+5%
Male
Female
+10%
Male
Female
+15%
Male
Female
+20%
Male
Female

2 Assumes enrolment at usual male to female ratio in S+PTB of 2:1.
Where male sensitivity < females, same numbers apply but using sensitivity of test in females = (100-given sensitivity) in table.

10%

1004

287

144

142
71

87
a4

20%

1623

812

216

202
101

118
59

Sensitivity of test in females

30%

2053
1026

529
264

240
120

137
68

40%

2295
1148

579
290

258
129

145
72

50%

2348
1174

582
201

255
128

141
70

60%

2213

1108

269

231
116

124

70%

1890
945

447
224

186
93

96
48

80%

1378
689

308
164

119
60

NA

90%

676

338

NA

NA

NA
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Outcome variable Strata (size) Unadjusted analysis Adjusted analysis'

Positive Smear result HIV-seronegative (756) 1.16 [1.07;1.25] 1.16 [1.07; 1.26]
at baseline HIV-seropositive (171) 0.99 [0.91;1.08] 0.99 [0.82; 1.20]
Positive Smear result HIV-seronegative (564) 1.08 [1.01; 1.16] 1.08 [1.00; 1.17]
at month 2 HIV-seropositive (145) 0.78 [0.65; 0.94] 0.78 [0.62; 0.99]
Positive MTB culture HIV-seronegative (540) 1.08 [0.98; 1.20] 1.06 [0.95; 1.19]
at month 2 HIV-seropositive (131) 0.78 [0.53; 1.15] 0.77 [0.51; 1.20]
Unfavorable TB treatment outcome HIV-seronegative (577) 1.19[1.08; 1.32] 1.17 [1.06; 1.30]

HIV-seropositive (144) 0.99 [0.87; 1.13] 0.98 [0.77; 1.24]

Both analysis control for HIV serology and its interaction with baseline neutrophil. T Model adjusting for the propensity score, which was regressed on the following covariates: sex, age,
race, smoking status, alcohol consumption, education level, income status, cavitation on chest radiograph, study site, HIV status, DOT (for unfavorable TB treatment outcome) and (log-
transformed) platelets, lymphocytes, glycated hemoglobin and hemoglobin values; results expressed in odds ratios (OR) with 95% confidence intervals.
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[ALL]

N=

Sociodemographic characteristics
Age at enrollment: 35.0 [25.0;49.0]
Race/skin color: Non-black 692 (74.0%)
Sex: Male 619 (66.1%)
Smoking: Yes 213 (22.8%)
Smoking (years) 16.0 [5.0;25.0]
Alcohol: Yes 424 (45.3%)
HIV: Positive 172 (18.4%)
BCG scar: Yes 809 (86.5%)
Alcohol (years) 13.0 [6.00;27.0]
X-ray cavitation: Yes 465 (50.0%)
Literate: Yes 889 (95.1%)
Education (years): 9.00 [6.00;12.0]
Income: more than minimum wage 299 (32.6%)
HIV treatment®: Yes 127 (73.8%)
CD4 (cells/mm?) 135 [63.5;298]
Study site:

A 179 (19.1%)
B 267 (28.5%)
C 240 (25.6%)
D 124 (13.2%)
E 126 (13.5%)
Laboratory values

Leukocytes (10%/mm®) 8.49 [6.53;10.7]
Neutrophils (10%mm?) 6.05 [4.39;7.97]
Lymphocytes (10%/mm?) 15.5 [11.8;19.5]
Hemoglobin (g/dL) 12.1 [10.7;13.4]
Anemia: Yes 534 (57.5%)
Platelet (10*/mm?®) 38.5 [30.9;47.9]
Glycosylated Hemoglobin (%) (n= 927) 5.80 [5.40;6.40]
Glycosylated Hemoglobin (%):

<5.7 416 (44.9%)
5.7-6.5 297 (32.0%)
>6.5 214 (23.1%)

Values are represented as frequency (%) or median with interquartile range (IQR).
Smoking: current smoker (Yes/No); Alcohol: current (Yes/No); HIV (Positive/Negative);
Literate: literacy (Yes/No); Income: monthly salary; CD4: CD4 count at baseline; Study site:
sites covered by RePORT. Anemia: hemoglobin levels <12 g/dL for female and <13.5 g/dL

for male; ART frequency was calculated among the persons living with HIV; Study site:
A — Caxias Health Center/Rio de Janeiro, B- Tropical Medicine Foundation/Manaus; C.

Jose Silveira Foundation/Salvador; D: Evandro Chagas Institute-Rio de Janeiro; E:

Rocinha — Municipality of Rio de Janeiro.
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Variables. Cases n=31 Controlsn=101  p-value

Study Arm n (%)
HRZE -Control 18166) 45(45) 220
HRZM - Actie 1342 56(55)

Age (), median 34 28-43) 601 -41) 502
(1aR)

Sex, n (%)

vale 2561 7069 259
Femalo 609 3101

Body mass index 1928 (17.96 - 10.98) 20.42 (18642295 031
(kg/m?), median

)

HIV status n (%)

Negative 119 2505 256
Posiive 20(65) 7675)

CD4 cel count 88@14-410  uB(27-419 BN
(celis/mm?),

median (1QF)

Viralload (coples/ 3450 (20~ 18289) 5678 (20~ 111087) 386
mi), median (QR)

ARV status* n (%)

10650, 3141 509
905 4367

None 6(19.3) @27 a7

One Lung 14452) 4216

Both Lungs 1185 2625.7)

Days to first 84(82-91) 422855 <0001

negative solid

culture, median

1Ry’

Alcohol Use i the.

past 3 months n

%)

Ves 1342) 2424 067

Smoking in past

smonths n (%)

Ves 15¢49) 29029 051

Smear Grade n (%)

" 6(19.4) 2108 124

2+ 264 22218

3 2042 5857.4)

3 missing ARV stats.
“hoasures for allvariaies, excopt days to frst negatie cultrd are reportod at baseire.
Sionificant p-values (<0.05) are boided.
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2925 (165-432)
321 (1.80-4.67)

183(52)

189 (178.7-259.7)
2507)
2182)
32(125)
64(25)
44(68.8)

118 46)
235(01.7)
12(4.68)

Anemic at baseline (n = 219)

37 (30.7-46)
157 (71.7)
174(795)

11462)
60(27.9)
80(36.5)

153 (42.5-304.5)

44125631

258 (157.5-403)
3.17 (1.79-4.68)

105(65.2)
189 (180-265)
21048
16(7.9)
28(12.7)
52(237)
35(67.3)

94 (229)
202(023)
12 (5.47)

Non-anemic at baseline (1 = 37)

37 (33-46)
25(67.6)
16(432)
17659
14(378)
816

294 (156-560)

179 (1.69-4.22)

423 (266-603.5)
342 (2.03-4.03)

25(385)
189 (168-247.5)
4(108)
5(135)
4(108)
12(32.4)
o(75)

24(648)
33(892)
00

p-value

0504
099
<001
0948
0185
0.133
<001
<001

0018
0766

0320
0564
0945
0270
0946
0355
0742

0021
0763

To define anemia according to baseine (D0) hemoglobin, the cut-off poit of 12 g/aL for women and 13.5 /L. for men was used. Data are shown as median and
interquartie (IQR) range or frequency (percentage). Data were compared between the cinical groups using the Mann-Whitney U test (continuous variables) or the
Pearson’s 2 test (for data on frequency). Complete data at baseine: 256 patients; Complete data at day 60: 239 (93.4%) patients, Complete data at day 180: 191
(74.6%) patients. " The physicians also colected information about current use of licit crugs and alcohol (Y/N to each) during the baseline interview Potential problematic
alcohol use was assessed with the CAGE questionnaire, with scores of 2 or greater indicating ciinicall significant alcohol problems. 2Outcomes: Favorabie (cure) and
Unfavorable (faiur, loss follow-up or death). IQR, Interquartie Range; IRIS, Immune reconsiitution nflammatory Synarome; T8, Tuberculosis; HAART, Highly Active

Antiretroviral Therapy:
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Healthy controls HIV only Active TB HIV-associated TB p-value
(HC) (HIV) (aTB)
n 2 50 36 2
Females 19 (73.1 %) 38(76.0%) 7(19.4%) 14 (53.4%) Chi-squared
<0001
Age, years 34 (26-40) 37 (31-43) 35 (24-43) 39 (31-44) Kruskal-Wallis
<0112
CD4, cells/pl ND 484 (333-541) ND 222 (107-323) Mann-Whitney
<0001
HIV VL, log 10 copies/ml ND 43(3-5) ND 47 (3.4-5) Mann-Whitney
0.352
On ART: NA 33 (66%) NA 17 (65%)
Yes 14 (28%) 7 @7%)
No 3(6%) 2(8%)
Unknown
“QFT+ 24 (92%) 34 (70%) ND ND
QFT- 2(8%) 14 (30%) ND ND
*No QFT results for 2 participants.

Categorical variables presented as count and percentage, n (%).
Continuous variables presented as medien with IQR: median IQR].

NA, Not applicable; ND, Not Done; QFT, QuantiFERON: IQR, Interquartile range.
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Characteristic HiV-only TB-HIV p-value

(n=14) (n=16)
Sex
Female, n (%) 4(20%) 3(18%) 068
Male, n (%) 10 (71%) 13 (82%)
Median age, y (QR) 41(31-52)  45(38-52)  0.42
Smoker, n (%)
Never 10 (71%) 11(69%  >095
Former 0 1(6%)
Current 4(29%) 4(25%)
Body mass index, kg/m? 200 17.6 023
(168-214)  (164-19.9)
Median HIV viral load, log o copies/mL. 492 550 032
(424-577)  (4.97-6.87)
Median CD4 count, cells/mm® (QR) 53 (32-75) ~ 48(31-65)  0.60
Median CD8 count, cells/mm? (IQR) 645 430 013
(320-861)  (244-589)
Median CD3 count, cells/mm® (IQR) 739.5 491 0.15

(407-1,043)  (290-679.5)

BMI, body mass index; HIV, human immunodeficiency virus; TB, tuberculosis.
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TST*

TST

QFT*HBHA-IGRA *

QFTHBHA-IGRA * QFT"HBHA-IGRA™

QFT"HBHA-IGRA*  QFT HBHA-IGRA™

n=8 n=5 n=1 n=12 n=23
Age (years), median (range) 52 (34-82) 41 (34-51) 61 44 (35-54) 50 (25-67)
Male, n (%) 8 (100) 4 (80) 0() 6 (50) 14 (61)
PASI, median (range) 10 (7-15) 12 (10-27) 11 12 (8-27) 12 (5-33)
Ethnic origin, n (%)
Caucasian 6 (75) 4(80) / 10 (83) 18(78)
African 2 (25) 1 (20) / 2(17) 5(22)
Asian / / 1 (100) / /
BCG vaccination, n (%)
No 787) 2 (40) 1 11(92) 19(83)
Yes 1(13) 1(20) / / 4(17)
Unknown 0 2 (40) / 1(8) /
Risk factors for LTBI/aTB, n (%)
High TB incidence country (Birth, Travel) 4 (50) 1(20) (100) 1(8) 2(9)
Contact or possible contact with TB patients 2 (25) & / 1(8) 3(13)
(family/work)
Chest X-ray suggestive of previous TB *(12.5) 1 (20) / / /
TB History, n (%)
aTB 2(25) 1(20) i / v/
LTBI 4 (50) 2 (40) £ / !
Ongoing psoriasis treatment, n (%)
Adalimumalo 2 (25) / / / 3(19)
Etanercept / 1(20) 7 3(25) 143
Methotrexate 1(12.5) / 1 (100) / 209

TST, Tuberculin Skin Test; QFT, QuantiFERON TB Gold In tube; HBHA, Heparin-binding haemagglutinin; IGRA, Interferon gamma release assay; n, number; PASI, Psoriasis Area Severity
Index; BCG, Bacille Calmette-Guérin; LTBI, Latent Tuberculosis Infection; aTB, active Tuberculosis; “patient with 2 risk factors: he was bom and travelin high TB incidence country and had

chest X-ray suggestive of previous aTB.
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Characteristic No LTBI PriorPTB Prior P-valuo

T8l epT8

N 01 7 9

Agebears) medan (QR) 49 51 50(3866) 390645 086
©052) (3057

Mate sex, no. (%) 660 665 669 566 055

Hspaiceticty. 0.9 00 1) 104 2@ 049

Black race, no. (%) 300 764 00 202 0

Foreign bom, no. (%) 100 209 109 66N 0®

Tobaccousel,no.(%)  2Q0 3@ S0 2@) 013

ool use?, . () 460 208 209 100 08

Vears from treatment NA NA 12 17 034

completion to bood draw 060280 (094,4.0)

(ears), median (QR)

LTBI latent tubercuiosis infection, based on a posiive tuberculn ski test: PTB,

puimonary tbercuoss:

EPTB, oxrapuimonary tubercuosss.
Data are shown as median and interqarte (OR) range o frequency (percsntage). Data
were compared between the inical groups.

Using the Knusial-Walls test (continuous variables) or the Pearson's 1 2 test fordala
on froquency).

"More than 10 cigaretes ay;

*Fouror moro dinkshuook:

N/A Not appicable.
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Characteristic No LTBI Prior  Prior Pevalue
LBl P18 EPTB

N 5 25 2 2
Age(years) median (R 24 26 28 2 >09
20 (033 (1931 (21-28)
31)

Male sex,no. (%) 1362 1248 1362 1466 09
Non-whiterace, no. (%) 22(88) 20(80) 24(0) 2362 031
it crug use' o, () 2 302 406 302 086
Smoking? no. (%) 1@ 302 7@y 3012 010
Acohol abuse® no. (%) 500 7@Y 1040 1466 008
Accfast bacii smoar grade 058
no. (%)

o 25 25000 00 00

(100

tascanty 00 00 1@ 802

2+ 00 00 1468 1E

23 00 00 1040 9@

LTBI, latent tubercuosis inection, based on a positve tuberculn skin test; PTB,
puimondey tuberculoss; EPTB, extrapuimonary uborcuoss.

Data are shown as medin and iterquarie (OR) range orlquency (percentage). Data
were compared between the cirical groups usig the Knskal-Walis test (contnuous
variables) or the Pearson's 7 2 tet (or data on requency.

Mycobacterium tubercuosis rom either sputum or extrapulmonary site; all
extrapuimonary diseaso was hmphatc:

The froquency of indiducls with difront values of acid-ast bacili smear grad al the
time of dlagnosis was comparod botwoen PTB and EPTB groups (1ho groups of
indvituals without and with LTB), as well as persons with negative smears, were
excuded from his analysi).

Smoar grace was fom sputum sampls for PTB patients or mph nod aspiates o EPTB.
Al indivicuas fested negatie for HIV infecton.

' rugs: cannabis, cocans, o crack;

*Past or curont cigaretto smoking:

o o 030 polals 6 the CAGE usslioriele:
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Characteristics

Patient numbers (n)
Age (years; °IQR)
Gender (%)
Male
Female
Ethnicity (%)
Black African
Mixed race
European descent
Median duration of
treatment

prior to blood donation

(days; ®IQR)

Smear status
Smear 1+ positive (%)
Smear 2+ positive (%)
Smear 3+ positive (%)

NA, not applicable.

Presumed-
LTBI

10
32 (28-49)

5 (50)
5 (50)

3(30)

4 (40)

3(30)
NA

NA
NA
NA

DS-TB

23
35 (26-48)

12 (52)
11 (48)

939
10 (44)
4(17)
5 (4-12)

3(19)
12 (52)
8(35)

Al

participants

33

34 (26-49)

12 (36)
14 (42)
7@1)
5(4-12)

NA
NA
NA

p-
value

NA

0.34

0.89

0.74

NA

NA
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