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ABSTRACT A major challenge in tuberculosis (TB) therapeutics is that antibiotic 
exposure leads to changes in the physiology of M. tuberculosis (Mtb), which may 
enable the pathogen to withstand treatment. While antibiotic-treated Mtb has been 
evaluated in in vitro experiments, it is unclear if and how long-term in vivo treatment 
with diverse antibiotics with varying treatment-shortening activity (sterilizing activity) 
affects Mtb physiologic processes differently. Here, we used SEARCH-TB, a pathogen-tar­
geted RNA-sequencing platform, to characterize the Mtb transcriptome in the BALB/c 
high-dose aerosol infection mouse model following 4 weeks of treatment with three 
sterilizing and three non-sterilizing antibiotics. Certain transcriptional changes were 
shared among most antibiotics, including decreased expression of genes associated 
with protein synthesis and metabolism and the induction of certain genes associated 
with stress responses. However, the magnitude of this shared response differed between 
antibiotics. Sterilizing antibiotics rifampin, pyrazinamide, and bedaquiline generated 
a more quiescent Mtb state than did non-sterilizing antibiotics isoniazid, ethambutol, 
and streptomycin, as indicated by the decreased expression of genes associated with 
translation, transcription, secretion of immunogenic proteins, metabolism, and cell wall 
synthesis. Additionally, we identified distinguishing transcriptional effects specific to 
each antibiotic, indicating that different mechanisms of action induce distinct patterns 
in response to cellular injury. In addition to elucidating the Mtb physiologic changes 
associated with antibiotic stress, this study demonstrates the value of SEARCH-TB as 
a highly granular pharmacodynamic assay that reveals antibiotic effects that are not 
apparent based on culture alone.
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T uberculosis (TB) is the leading cause of death from infection globally, killing 
approximately 1.2 million people each year (1). Because standard antibiotic 

treatment regimens require 4 to 6 months to reliably cure drug-susceptible TB (2), there 
is an urgent need for new antibiotic combinations capable of curing all forms of TB more 
quickly (3). Mouse treatment models are a cornerstone of preclinical drug and regimen 
evaluation (4–6).

Colony-forming units (CFU) (7), a measure of bacterial burden in the lungs, are 
the pharmacodynamic (PD) marker historically used to evaluate drug efficacy in mice. 
However, change in CFU alone during treatment does not reliably distinguish between 
regimens that require different durations to achieve non-relapsing cure in the conven­
tional mouse relapse model (7, 8). In addition to reducing bacterial burden, drug 
treatment also affects physiologic processes of M. tuberculosis (Mtb) (8, 9). It has been 
proposed that measurement of Mtb physiology during treatment could serve as an 
adjunctive PD approach, providing information distinct from bacterial burden (10). The 
effect of antibiotics on Mtb physiology has been studied extensively via transcriptional 
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profiling in vitro (11–16) but not in vivo. This gap is important because exposure in axenic 
culture may not replicate the physicochemical conditions, host immunity, and dynamic 
pharmacokinetics encountered during in vivo exposure. To evaluate Mtb physiologic 
processes in vivo, we recently developed an RNA-seq platform, called SEARCH-TB (9). Via 
a combination of selective eukaryotic lysis to deplete host RNA, followed by targeted 
Mtb mRNA amplification, SEARCH-TB has unparalleled sensitivity for quantification of 
low-abundance Mtb transcripts, enabling transcriptional profiling of Mtb during the first 
month of drug treatment in mice (9).

With the long-term objective of developing SEARCH-TB as a preclinical PD marker 
for drug and regimen evaluation, we characterized Mtb that emerge during a 4-week 
treatment period with diverse antibiotics in mice. Our primary question was whether a 
single common shared Mtb persister transcriptome or drug-specific Mtb transcriptional 
patterns would emerge during 4 weeks of treatment with antibiotics that work by 
diverse mechanisms of action. After demonstrating drug-specific patterns, we then 
queried how transcriptional responses differed among individual drugs and between 
sterilizing and non-sterilizing drugs.

While all antibiotics included in conventional combination regimens are thought to 
contribute to cure to some degree, certain antibiotics play a more pronounced role 
in shortening the time required to cure TB (17). Historically, antibiotics, such as rifam­
pin, pyrazinamide, and bedaquiline, which have potent treatment-shortening activity, 
have been described as “sterilizing,” while antibiotics, such as isoniazid, streptomycin, 
and ethambutol, which may have bactericidal activity but contribute only modestly to 
shortening the time needed to achieve a non-relapsing cure, have been described as 
“non-sterilizing” (18).

In this study, we compared the long-term effect of three canonical sterilizing 
antibiotics (rifampin, bedaquiline, and pyrazinamide) and three canonical non-steriliz­
ing antibiotics (isoniazid, streptomycin, and ethambutol) over a 4-week treatment 
period in the BALB/c high-dose aerosol infection mouse model. We first identified Mtb 
transcriptional changes that were common to most of the antibiotics assessed, then 
compared the effect of sterilizing versus non-sterilizing antibiotics, and finally character­
ized transcriptional features unique to each antibiotic.

MATERIALS AND METHODS

Murine experiments and RNA extraction

Experiments used the BALB/c high-dose aerosol infection model, which is central to 
contemporary TB drug development (7). Female BALB/c mice, 6 to 8 weeks old, were 
exposed to aerosol (Glas-Col) with Mtb Erdman strain, resulting in 4.55 ± 0.03 (SEM) 
log10 CFU in the lungs on day 1. Mice euthanized after 11 and 19 days (when clinical 
deterioration met criteria for humane endpoints for euthanasia) served as pre-treatment 
and untreated control groups (N = 5 mice in each control group), respectively. Mice 
were treated via oral gavage 5 days a week starting on day 11. Mice were sacrificed on 
days 24–25 (N = 8 mice in each treatment group). Each mouse sample was profiled and 
analyzed separately without pooling of samples or data. We used established standard 
doses of all antibiotics (19) (Table S1), except for bedaquiline, which was administered 
at one-fifth of the standard dose because the full dose resulted in a Mtb burden that 
was too low for reliable profiling by SEARCH-TB. Lungs were flash-frozen before CFU 
enumeration and RNA extraction, as recently described (9).

RNA sequencing and data preparation

Sequence analysis of samples was performed via SEARCH-TB following recently 
described methods (9). Briefly, RNA was reverse transcribed, and cDNA targets were 
then amplified using the SEARCH-TB panel. Libraries were sequenced on Illumina 
NovaSeq6000. We followed the bioinformatic analysis and quality control pipeline, as 
recently described (9).
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Statistical analysis

Following normalization with DESeq2’s variance stabilizing transformation (VST) (20), 
we performed a principal component analysis (PCA) on the 500 most variable genes. 
We estimated differential expression by fitting negative binomial generalized linear 
models to each gene using edgeR (21). Likelihood ratio tests were used to compare gene 
expression between groups.

To identify groups of genes with similar expression patterns across conditions, we 
performed a hierarchical clustering of the predicted expression values obtained from 
the edgeR models after filtering out invariant genes (i.e., not differentially expressed 
between any two conditions). Then, using Euclidean distance with Ward’s method (22), 
we clustered the genes based on the predicted expression values for each condition. To 
further visualize the expression patterns for individual clusters, we used sample-specific, 
scaled VST-normalized expression values averaged across the genes in each cluster 
(Fig. S1). Using analysis of variance and post-hoc pairwise t-tests, we evaluated between-
group differences for each cluster using these scaled expression values.

We performed a functional enrichment analysis using gene categories established by 
Cole et al. (23) and curated from the literature (Table S2) using the hypergeometric test 
in the hypeR package (24) to evaluate whether genes differentially expressed in pairwise 
comparisons between conditions were overrepresented in each gene set. Enrichment 
analysis was run twice using significantly upregulated and significantly downregulated 
genes separately. Gene categories with fewer than eight genes were excluded. All 
analyses were performed using R (v4.3.1), and comparisons were considered statisti­
cally significant when Benjamini–Hochberg adjusted P-values (25) were less than 0.05. 
Gene expression for individual gene categories was visualized using sample-specific 
scaled VST-normalized expression values averaged across the genes in the category (Fig. 
S2). Differential expression, functional enrichment, and visualizations can be evaluated 
interactively using an online analysis tool (https://microbialmetrics.org/analysis-tools/).

RESULTS

Effect of antibiotic treatments on CFU burden

We first characterized the antibiotic effect based on changes in CFU, which estimates 
the number of bacilli capable of growth on solid agar (Fig. 1a). In pre-treatment control 
mice sacrificed on day 11 before the initiation of treatment, the average lung CFU burden 
was 6.78 log10. In untreated control mice, which were maintained without treatment 
until day 19 when clinical deterioration achieved humane endpoints for euthanasia, the 
average lung CFU burden was 7.91 log10. Pyrazinamide and ethambutol had a static 
effect, preventing an increase in CFU burden relative to the pre-treatment control but 
not reducing the CFU burden after 4 weeks of treatment. Streptomycin reduced lung CFU 
by 0.5 log10 relative to the pre-treatment control. Rifampin and isoniazid reduced CFU by 
1.05 and 1.06 log10 relative to pre-treatment control, respectively. Bedaquiline had the 
greatest effect, reducing CFU by 2.64 log10.

Clustering of antibiotic-induced transcriptional change

Principal component analysis of the SEARCH-TB results showed that samples from each 
antibiotic clustered distinctly from one another (Fig. 1b), demonstrating that antibiotics 
with unique mechanisms of action affect Mtb differently. The number of Mtb genes 
significantly altered relative to untreated control by antibiotic exposure ranged from 430 
(ethambutol) to 1,545 (bedaquiline) (Fig. 1c through h), indicating that each antibiotic 
induced substantial changes in bacterial physiology. To visualize the differences between 
antibiotics, we performed unsupervised hierarchical clustering based on the expression 
of differentially expressed genes (Fig. 1i). Of the antibiotics evaluated, ethambutol was 
the most similar to the untreated control. Isoniazid, streptomycin, pyrazinamide, and 
rifampin clustered together and were distinct from the transcriptional changes caused 
by bedaquiline.
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FIG 1 (a) Mtb CFU burden in the lungs of BALB/c mice after a 4-week treatment with individual antibiotics. Points indicate CFU values from individual mice. 

Horizontal bars indicate group means. PreRx and Untx indicate control mice sacrificed on the day treatment was initiated and 8 days thereafter, respectively. 

(b) Principal components analysis plot of VST-normalized gene expression data for the top 500 most variable genes. The first two principal components are 

(Continued on next page)
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Unsupervised clustering of differentially expressed genes revealed that certain 
clusters of genes behaved concordantly among most antibiotics, while others behaved 
discordantly. For all antibiotics, except ethambutol, genes in Cluster 1 (N = 639) exhibited 
increased expression relative to untreated control (Fig. 1i). The magnitude of induction of 
Cluster 1 genes varied between antibiotics (Fig. 1j), with greater increase for bedaquiline 
than for any other antibiotic (P-value relative to the closest antibiotic = 0.0003). Con­
versely, for all antibiotics, except ethambutol, genes in Cluster 4 (N = 731) had decreased 
expression relative to the untreated control (Fig. 1i), with greater decreases for bedaqui­
line and rifampin than for isoniazid, streptomycin, and pyrazinamide (Fig. 1k). The 
remaining clusters (2, 3, 5, and 6) identified genes affected in distinct ways by antibiotics 
with different mechanisms of action (average expression plots in Fig. S2), consistent with 
the emergence of antibiotic-specific injury responses that are discussed further below. 
Functional enrichment for each cluster is summarized in File S1.

Shared Mtb transcriptional responses to diverse antibiotic exposures

This section describes the transcriptional responses that were shared among most 
antibiotic exposures, relative to untreated control. As described above, ethambutol did 
not change CFU, clustered with the untreated control, and had the smallest number 
of differentially expressed genes relative to untreated control (Fig. 1h). To characterize 
effective antibiotic treatment, ethambutol was, therefore, excluded from our descrip­
tion of shared transcriptional responses below. For individual mice, we summarized 
the average normalized expression of genes in established biological categories (Table 
S2) (Fig. 2). Fig. S3 includes a corresponding heatmap that summarizes the average 
expression of individual genes for each category shown in Fig. 2. File S2 provides 
functional enrichment analysis P-values for all comparisons in this section. Comparisons 
described as significant had an adjusted P-value < 0.05.

Suppressed expression of genes associated with protein translation

Antibiotics concordantly decreased the expression of the primary ribosomal protein 
genes relative to the untreated control, consistent with slowing of protein synthesis 
(statistically significant in functional enrichment analysis for all antibiotics) (Fig. 2a). By 
contrast, the four “alternative” ribosomal protein genes involved in stress-induced 
ribosomal remodeling (26, 27) had sustained or increased expression (Fig. 2b) (gene set 
too small for statistical functional enrichment evaluation). Antibiotics decreased 
expression of the protein translation and modification category that includes genes 
responsible for translational initiation, promotion of tRNA binding, elongation, termina­
tion, and protein folding (Fig. 2c) (statistically significant in functional enrichment 
analysis for pyrazinamide, rifampin, and bedaquiline).

Decreased expression of immunogenic secretory proteins

Relative to untreated control, antibiotics decreased expression of the ESX-1 secretion 
system, including esxA and esxB, which encode the highly immunogenic early secretory 

Fig 1 (Continued)

shown on the x- and y-axes, and each point represents an individual sample. A convex hull highlights antibiotic treatments. (c–h) Volcano plots summarizing 

the differential expression between Mtb in untreated mice and Mtb in (c) BDQ, (d) RIF, (e) STR, (f) PZA, (g) INH, and (h) EMB. The number of genes significantly 

down- (blue) or up-regulated (red) for each antibiotic treatment relative to untreated (adj P-value < 0.05) are shown. (i) Heatmap of gene expression, including all 

genes significantly differentially expressed between at least two treatment conditions (N = 2,589). Expression values were obtained from edgeR models and then 

row-scaled, with red and blue indicating higher and lower expressions, respectively. Hierarchical clustering of genes identified six broad patterns. (j, k) Average 

of VST-normalized, scaled expression across treatments for clusters (j) 1 and (k) 4. Each point represents an individual mouse. Horizontal lines indicate average 

values. Values are centered around the average value for the untreated samples so that points above and below zero represent upregulation and downregulation 

relative to untreated, respectively. Abbreviations: untreated (Untx), ethambutol (EMB), isoniazid (INH), pyrazinamide (PZA), streptomycin (STR), rifampin (RIF), and 

bedaquiline (BDQ).
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antigenic 6 kDa (ESAT-6) and culture filtrate protein 10 (CFP-10), respectively (Fig. 2d) 
(statistically significant in functional enrichment analysis for all, except ethambutol and 
streptomycin). Antibiotics decreased expression of the ESX-3 system that secretes 
peptides that activate neutrophil and macrophages (Fig. 2e). Finally, antibiotics appeared 
to decrease expression of the three genes coding for the Antigen 85 complex (Fig. 2f), a 

FIG 2 Average of VST-normalized, scaled gene expression across Mtb treatments in BALB/c mice for genes in key Mtb biological processes: (a) primary ribosomal 

proteins, (b) alternative ribosomal proteins, (c) protein translation and modification, (d) ESX-1, (e) ESX-3, (f) Antigen 85, (g) ATP synthesis, (h) cytochrome bcc/aa3, 

(i) cytochrome bd, (j) TCA cycle, (k) PDIM, (l) toxins, (m) MCE-1, and (n) MCE-3. Each point represents an individual mouse. Horizontal lines indicate average 

values. Values are centered around the average value for the untreated samples so that points above and below zero represent upregulation and downregulation 

relative to untreated, respectively. Abbreviations: untreated (Untx), ethambutol (EMB), isoniazid (INH), pyrazinamide (PZA), streptomycin (STR), rifampin (RIF), and 

bedaquiline (BDQ).
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secreted protein essential for survival within macrophages, which also helps to maintain 
the Mtb cell wall integrity by catalyzing the transfer of mycolic acids to cell wall (gene set 
too small for statistical functional enrichment analysis) (28).

Metabolic slowing and adaptation

Relative to the untreated control, antibiotics significantly suppressed expression of genes 
coding for ATP synthetases (Fig. 2g). Oxidative phosphorylation appeared to transition 
from the primary cytochrome bcc/aa3 supercomplex (downregulated) to the less-effi-
cient cytochrome bd oxidase (upregulated), which has been implicated in persistence 
under environmental and antibiotic stress (29) (Fig. 2h and i) (gene sets too small for 
statistical functional enrichment evaluation). Antibiotics were associated with decreased 
expression of TCA cycle genes (Fig. 2j) (all, except ethambutol and rifampin, were 
statistically significant in functional enrichment analysis). Respiratory slowing was not 
accompanied by the expected increased expression of glyoxylate bypass genes, an 
alternative pathway previously implicated in antibiotic tolerance (30). Genes associated 
with carbon storage, such as triacylglycerol, were also not upregulated. Specifically, 
tgs1, a gene in the DosR regulon, which codes for triacylglycerol synthase previously 
associated with lipid accumulation during treatment (31), had significantly decreased 
expression after exposure to all drugs, except ethambutol and isoniazid (see the online 
analysis tool).

Decreased synthesis of mycolic acids and PDIM

Antibiotics significantly reduced the expression of Rv2524c (fas), the gene coding 
for fatty acid synthetase I, indicating a slowdown in the first step of mycolic acid 
synthesis (see the online analysis tool). All antibiotics, except ethambutol, appeared 
to decrease expression of phthiocerol dimycocerosate (PDIM), suggesting potential 
decreased virulence of the antibiotic-stressed phenotypes (32) (Fig. 2k) (statistically 
significant in functional enrichment analysis for all antibiotics, except ethambutol and 
rifampin).

Regulation of growth: sigma factors

Consistent with transition to a quiescent phenotype, antibiotics resulted in significantly 
lower expression of sigA, which codes for the primary ‘housekeeping’ sigma factor 
necessary for growth, relative to untreated control (see the online analysis tool). Other 
sigma factors were affected differently by individual antibiotics and are discussed in 
Section 5 below.

Modulation of stress responses

Antibiotics induced expression of genes for toxins that act post-transcriptionally to 
reprogram Mtb in response to stress (Fig. 2l) (statistically significant in functional 
enrichment analysis for streptomycin, pyrazinamide, and bedaquiline). However, as 
described below, the pattern of which toxin genes had increased expression differed 
depending on antibiotic exposure. Consistent with the change previously observed 
with the standard four-drug regimen (9), mammalian cell entry (mce) operons initially 
identified as Mtb virulence adaptations and more recently implicated in stress adapta­
tion (33) appeared to have increased expression of Mce-2 and Mce-3 operons with all 
drugs, except ethambutol (Fig. 2m and n) (gene sets too small for statistical functional 
enrichment evaluation).

Transcriptional response to sterilizing versus non-sterilizing antibiotics

This section summarizes pairwise comparisons between drugs rather than comparison 
between drugs and untreated control. File S3 provides functional enrichment analysis 

Full-Length Text Antimicrobial Agents and Chemotherapy

February 2025  Volume 69  Issue 2 10.1128/aac.01310-24 7

https://doi.org/10.1128/aac.01310-24


P-values for all comparisons in this section. Comparisons described as significant had an 
adjusted P-value < 0.05

Comparison of canonical sterilizing antibiotics (rifampin, pyrazinamide, bedaquiline) 
with non-sterilizing antibiotics (isoniazid, streptomycin, ethambutol) suggests that 
sterilizing drugs generate a more quiescent Mtb phenotype defined by decreased 
expression of growth-associated genes coding for translation, transcription, secretion 
of immunogenic proteins, metabolism, and cell wall synthesis. Specifically, expression 
of genes coding for primary ribosomal proteins, a basic metric of bacterial activity, 
was suppressed to a significantly greater degree by bedaquiline than by the non-steriliz­
ing antibiotics isoniazid, streptomycin, and ethambutol (Fig. 2a). Rifampin and pyrazina­
mide suppressed primary ribosomal protein gene expression significantly more than 
two (isoniazid, ethambutol) of three non-sterilizing antibiotics. As discussed above, 
expression of the protein translation and modification gene category was decreased 
significantly for the sterilizing antibiotics but not for the non-sterilizing antibiotics. 
Expression of the gene for the RNA polymerase subunit A (rpoA) was significantly 
decreased by all sterilizing antibiotics but not by any non-sterilizing antibiotics. Similarly, 
RNA polymerase subunit Z (rpoZ) was significantly decreased by all sterilizing antibiotics 
and only one (isoniazid) of the non-sterilizing antibiotics. All three sterilizing antibiotics 
had significantly decreased expression of esxA, the gene coding for ESAT-6 relative to 
isoniazid and ethambutol. Expression of the gene coding for isocitrate lyase (icl1), the 
first step of the glyoxylate bypass, was decreased significantly by all three sterilizing 
antibiotics but by none of the non-sterilizing antibiotics.

Expression of DosR regulon genes, which respond to hypoxia, carbon monoxide, and 
nitric oxide encountered within host immune effector cells, was significantly reduced by 
all sterilizing drugs but not by the non-sterilizing drugs (Fig. 3a). Because bacterial DosR 
expression has previously been linked to the intensity of immune activation (9, 34), we 
plotted the average normalized expression values for the ESX-1, ESX-3, and Antigen 85 
genes against average normalized expression of DosR regulon genes (Fig. 3b through 
d). Expressions of ESX-1, ESX-3, and Antigen 85 were correlated with expression of the 
DosR regulon (R2 = 0.7, R2 = 0.745, and R2 = 0.5, respectively), suggesting a link between 
bacterial phenotype and immune activation.

Distinguishing effects of individual antibiotics

Finally, we considered differences in transcriptional changes induced by each individual 
antibiotic exposure. Despite the existence of shared transcriptional changes discussed 
above, direct pairwise comparison between antibiotic exposures revealed that each 
antibiotic resulted in a distinct Mtb transcriptional response (Fig. 4a). File S3 provides 
functional enrichment analysis P-values for all comparisons in this section. Comparisons 
described as significant had an adjusted P-value < 0.05. Key observations from these 
tables are highlighted below.

Bedaquiline

Although evaluated at one-fifth the standard dose, bedaquiline induced the greatest 
transcriptional change of any antibiotic, significantly altering expression of 1,545 genes 
relative to untreated control (Fig. 1c). The bedaquiline-treated phenotype was distinct, 
with at least 662 genes differentially expressed relative to any other antibiotic (bottom 
row of Fig. 4a). Bedaquiline-mediated inhibition of ATP synthetase led to a profoundly 
quiescent Mtb population, consistent with an energy-restricted phenotype. Specifically, 
relative to all antibiotics other than pyrazinamide, bedaquiline significantly decreased 
the expression of genes coding for primary ribosomal proteins and genes associated 
with the synthesis and modification of macromolecules. Bedaquiline suppressed the 
ESX1 locus to a significantly greater degree than isoniazid, streptomycin, or ethambutol. 
Additionally, bedaquiline induced greater expression of certain stress responses. 
Specifically, bedaquiline induced significantly greater expression of genes for 
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stress-induced toxin/antitoxin modules, relative to any antibiotic other than streptomy­
cin (Fig. 4b). Relative to any other antibiotic, bedaquiline also induced a greater expres­
sion of sigma factor F, which directs growth arrest in response to diverse stresses (Fig. 4c) 
(35).

Rifampin

Evaluated at the existing standard dose, rifampin had the second-strongest effect on the 
Mtb transcriptome, significantly altering the expression of 1,000 genes relative to 
untreated control (Fig. 1d). The rifampin-treated phenotype was distinct, with at least 
496 genes differentially expressed relative to any other antibiotic (second from bottom 
row of Fig. 4a). Rifampin resulted in significantly higher expression of genes involved in 
the cell wall than all antibiotics, except ethambutol, and significantly higher expression 
of PDIM than all antibiotics, except ethambutol and isoniazid. Rifampin had significantly 
lower expression of the primary housekeeping sigma factor A than any antibiotic other 
than pyrazinamide, consistent with the regulation of a quiescent phenotype (Fig. 4c and 
online analysis tool). Rifampin was distinct from all other antibiotics in having signifi-
cantly increased expression of sigE, which codes for sigma factor E that mediates slower 
growth under stress conditions (36). All other antibiotics had significantly decreased 
expression of sigE. Rifampin resulted in significantly lower expression of genes coding for 
chaperones and heat shock proteins and the enduring hypoxic response (37) than any 
other antibiotic. Rifampin-treated Mtb had significantly lower expression of the DosR 
regulon than Mtb treated with any antibiotic, except bedaquiline.

FIG 3 (a) Average of VST-normalized, scaled expression across antibiotic treatments for genes in the DosR regulon. (b-d) Correlation between the scaled average 

expression for categories associated with immune activation and DosR: ESX-1, ESX-3, and Antigen 85. Each point represents an individual mouse, and points 

are colored by treatment group. Abbreviations: untreated (Untx), ethambutol (EMB), isoniazid (INH), pyrazinamide (PZA), streptomycin (STR), rifampin (RIF), and 

bedaquiline (BDQ).
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Pyrazinamide

Pyrazinamide treatment resulted in broad changes in the Mtb transcriptome, significantly 
altering the expression of 822 genes relative to untreated control (Fig. 1f). Relative 
to rifampin, pyrazinamide had significantly higher expression of genes coding for the 
DosR regulon and the Antigen 85 complex, as well as genes involved in beta-oxidation, 
electron transport, and toxin–antitoxin modules. Pyrazinamide clustered with isoniazid 

FIG 4 (a) Differential expression in pairwise comparison between individual antibiotics. Volcano plots show fold change and significance between the 

antibiotics labeled in the row and column. The number of genes significantly down- (blue) or upregulated (red) with adjusted P-value < 0.05 in the row versus 

the column is shown below the diagonal. (b–d) Heatmaps showing the VST-normalized, scaled average expression across antibiotic conditions for (b) toxins, (c) 

sigma factors, and (d) the kas operon. Abbreviations: ethambutol (EMB), isoniazid (INH), pyrazinamide (PZA), streptomycin (STR), rifampin (RIF), and bedaquiline 

(BDQ).
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based on global similarity (Fig. 1b and i), and relatively few genes were differentially 
expressed between pyrazinamide and isoniazid (96 significant genes, Fig. 4a), yet the 
pyrazinamide phenotype appeared more quiescent than the isoniazid phenotype, with 
significantly lower expression of genes involved in protein translation and modification, 
ribosomal protein synthesis, and synthesis and modification of macromolecules.

Isoniazid

Isoniazid significantly altered the expression of 650 genes relative to untreated control 
(Fig. 1g). Isoniazid exhibited higher expression of the mycolic acid synthesis genes of 
the kas operon than any antibiotic other than ethambutol, suggesting continuing Mtb 
compensation to the isoniazid mechanism of action (Fig. 4d and online analysis tool). 
Isoniazid also had significantly higher expression of DosR regulon genes compared to all 
antibiotics, except ethambutol, suggesting adaptation to continued immune-mediated 
nitric oxide or hypoxic stress.

Streptomycin

Streptomycin significantly altered the expression of 850 genes relative to untreated 
control (Fig. 1e). The streptomycin phenotype was distinct, with at least 245 genes 
differentially expressed relative to any other antibiotic (Fig. 4a). Protein synthesis 
inhibition by streptomycin resulted in significantly higher expression of toxin–antitoxin 
pairs and of the enduring hypoxic response compared to any antibiotic other than 
bedaquiline. Streptomycin also resulted in significantly higher expression of chaperones 
and heat shock genes compared to any antibiotic other than ethambutol and signifi-
cantly higher expression of genes associated with the response to oxidative stress than 
any antibiotic other than ethambutol or bedaquiline.

Ethambutol

Ethambutol induced the least transcriptional change among the antibiotics assessed, 
with 430 genes significantly altered relative to untreated control (Fig. 1h). The ethambu­
tol transcriptome clustered with the untreated control (Fig. 1i) and was distinct from 
other antibiotics in most of the discrete processes shown in Fig. 2.

DISCUSSION

We found that treating mice for 4 weeks with one of six antibiotics representing 
distinct mechanisms of action led to emergence of both shared and antibiotic-spe­
cific Mtb transcriptional responses. Antibiotics differed both in the magnitude of 
transcriptional change they induced in Mtb and the specific sets of genes up- or 
downregulated. Broadly, rifampin, pyrazinamide, and bedaquiline, the antibiotics with 
enhanced treatment-shortening activity (historically described as sterilizing), led to a 
more quiescent bacterial phenotype than did antibiotics with lesser treatment-shorten­
ing activity (historically described as non-sterilizing).

Mtb subpopulations that are genotypically drug-susceptible yet survive extended 
drug exposure in vivo are viewed as a central obstacle to shortening the time required to 
cure TB (38, 39). Our results suggest that different individual drugs result in distinct 
in vivo “persister” Mtb phenotypes. Antibiotics with different mechanisms of action 
impart distinct injuries that condition the physiologic processes of Mtb in distinct 
ways. While some broad transcriptional responses are shared among antibiotics (e.g., 
downregulation of genes associated with synthesis of macromolecules and metabolism 
and upregulation of certain stress responses), each antibiotic also had unique effects on 
the Mtb transcriptome.

Of particular interest are sterilizing antibiotics known to play an outsized contribution 
to the ability of combination regimens to shorten the time required to cure TB. In 
this study, we selected three antibiotics with enhanced treatment-shortening activity—
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rifampin, pyrazinamide, and bedaquiline—that are central to contemporary regimen 
development and are included in recent and ongoing human trials. The SEARCH-TB 
analysis revealed that rifampin, pyrazinamide, and bedaquiline resulted in a more 
quiescent phenotype than did isoniazid, streptomycin, and ethambutol. This finding 
aligns with our previous observations using the RS ratio assay in the same mouse sample 
set, which showed that rifampin, pyrazinamide, and bedaquiline decreased ribosomal 
RNA synthesis to a greater degree than antibiotics with lesser treatment-shortening 
activity (8). Combined with the RS ratio results, the SEARCH-TB data suggest that a 
common effect of antibiotics with potent treatment-shortening activity is the induction 
of a more quiescent Mtb phenotype. Our findings suggest but cannot definitively 
resolve two potential interpretations for the observed association between treatment-
shortening activity and a more quiescent phenotype. First, a more quiescent pheno­
type may represent a functional physiologic adaptation that enables Mtb to survive 
exposure to rifampin, pyrazinamide, or bedaquiline but is less crucial for surviving 
isoniazid, streptomycin, and ethambutol. Alternatively, the more quiescent phenotype 
could be a “vital sign” of bacterial injury, signaling more severe stress and resultant 
bacterial dysfunction. A Mtb population experiencing energy starvation (bedaquiline) or 
transcriptional inhibition (rifampin) may be functionally incapacitated or in a pre-termi­
nal state.

Certain drugs had a larger magnitude of effect on the Mtb transcriptome than others. 
It seems notable that ethambutol, a drug that contributes negligibly to the activity 
of HRZE (18), had the smallest number of differentially expressed genes relative to 
control. In unsupervised clustering, the transcriptome of ethambutol-treated Mtb was 
similar to pre-treatment control, suggesting that ethambutol had a smaller effect on Mtb 
physiology than any other drug. Conversely, even when administered here at 1/5 the 
standard dose, bedaquiline had the largest number of differentially expressed genes and 
was an outlier in unsupervised clustering with more extreme expression changes. This 
seems concordant with previous observations that bedaquiline has greater sterilizing 
activity than first-line drugs in murine models (40) and has transformed treatment of 
human multidrug- and extensively drug-resistant TB (41, 42).

We note that drugs with distinct mechanisms of action (e.g., isoniazid and pyrazina­
mide) were proximal in PCA and hierarchical clustering. Important to interpretation of 
our SEARCH-TB results is the distinction between the direct mechanism by which an 
antibiotic engages its target protein and the resulting indirect cascade of physiologic 
injury and adaptation. For example, the direct engagement of bedaquiline with the Mtb 
ATP synthetase enzyme is not immediately lethal (43, 44). Instead, this engagement 
initiates a cascade of metabolic changes previously described as “respiratory dysfunc­
tion” (43). In vitro, this cascade progresses over days, culminating in loss of homeostasis, 
collapse of the transmembrane pH gradient, and lysis as a final terminal event (43). Since 
our study collected samples after 4 weeks of treatment rather than at the initiation of 
treatment, our SEARCH-TB results likely quantify the pattern of drug-induced injury and 
adaptation (i.e., an indirect consequence of drug exposure) rather than the immedi­
ate effect of drug-target engagement. We speculate that this may explain why drug 
exposures cluster in ways that are not immediately explicable based on drug mechanism 
alone.

Rifampin, pyrazinamide, and bedaquiline significantly decreased the expression of 
the DosR regulon relative to the untreated control mice. This result is consistent with 
previous observations that HRZE decreased DosR expression in mouse lung (9) and 
human sputum (34). However, it conflicts with previous reports that bedaquiline and 
HRZE increased DosR expression in vitro (9, 44). Since the mechanisms of action of 
antibiotics tested here do not directly target the known drivers of DosR expression 
(hypoxia, nitric oxide, and carbon monoxide), decreased DosR regulon can be considered 
an indirect effect of treatment in vivo. The discrepancy between in vitro and in vivo results 
suggests that expression of DosR during treatment might be modulated by the presence 
of immunity. A link between macrophage activation state, nitric oxide exposure, and 
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DosR expression is well established (45, 46). Activation of macrophages was shown to 
induce DosR regulon expression in the presence of functional host nitric oxide synthase 
2 (NOS2) but not in NOS2-deficient macrophages (47, 48). If drug treatment decreases 
macrophage activation state in mice, as is suggested by human blood transcriptome 
studies (49, 50), the resultant decreased nitric oxide exposure might explain decreased 
Mtb expression of DosR regulon genes. Future studies will evaluate effect of treatment on 
macrophage activation and Mtb DosR expression.

This work highlights the power of SEARCH-TB as a pharmacodynamic marker. It 
has long been recognized that a major impediment for the study of TB drugs in mice 
is the limitations of the CFU readout (7, 51). Specifically, because bactericidal activity 
(reduction in CFU) does not reliably indicate sterilizing activity in the conventional 
BALB/c high-dose aerosol model, large-scale relapse studies are required to estimate 
sterilizing activity (7, 51). The failure of CFU to predict sterilizing activity in the BALB/c 
mouse is highlighted by our observation that week four CFU did not distinguish 
between the effects of pyrazinamide (potent sterilizing activity [18]) and ethambutol 
(minimal sterilizing activity [18]). By contrast, SEARCH-TB showed that pyrazinamide and 
ethambutol treatment resulted in 1,531 genes or 43% of the transcriptome differentially 
expressed, indicating profoundly different effects on Mtb physiology. Similarly, while 
CFU failed to distinguish between the effects of rifampin (potent sterilizing activity 
[18]) and isoniazid (minimal sterilizing activity [18]), SEARCH-TB showed that rifampin 
and isoniazid affect Mtb physiology differently (533 differentially expressed genes). Our 
results demonstrate that SEARCH-TB can elucidate drug effects that are not discernible 
based on CFU alone. This work is an incremental step toward our long-term goal of 
developing SEARCH-TB as a highly granular PD marker in preclinical drug and regimen 
assessment. Future projects will evaluate the ability of SEARCH-TB to probe TB drug 
interactions in vivo and predict regiment treatment-shortening potency.

This report has several limitations. First, this report characterized drug-induced 
phenotypic change in the lungs of BALB/c mice, which develop loose macrophage 
aggregates containing intracellular Mtb. Other TB mouse models, such as the C3HeB/FeJ 
mouse, develop necrotic granulomas in which Mtb is extracellular and has distinct 
phenotypic adaptations to local conditions (52). A high-priority next step is interrogat­
ing Mtb in diverse models to elucidate the full spectrum of bacterial phenotypes and 
antibiotic responses. Second, we used the high-dose aerosol infection model because it 
is a mainstay of contemporary preclinical drug and regimen evaluation (7). High-dose 
aerosol infection is lethal if mice are not “rescued” by initiation of antibiotic treatment 
(53). In this experiment, untreated mice experienced clinical deterioration necessitating 
humane euthanasia 19 days after aerosol infection. The untreated control, therefore, 
could not be temporally matched with the antibiotic-treated mice. Third, all antibiotics 
were evaluated at a human-to-mouse adjusted equivalent dose, except bedaquiline, 
which reduced Mtb burden below the limits of SEARCH-TB reliability with human 
equivalent dosing with 4 weeks of treatment. It is likely that higher or lower drug 
doses might induce different transcriptional responses, which remains to be tested. 
Finally, SEARCH-TB quantifies expression across the entire lung, inherently representing 
a population average that does not reveal heterogeneity that likely exists within the 
population.

Using a novel pathogen-targeted RNA-seq method, we evaluated Mtb after 4 weeks of 
treatment with individual antibiotics in vivo, demonstrating that antibiotics with different 
mechanisms of action lead to distinct Mtb phenotypes. Sterilizing antibiotics generated a 
more quiescent Mtb phenotype than non-sterilizing drugs. This report demonstrates the 
capability of SEARCH-TB to reveal differences in antibiotic effects that are not discernible 
via conventional microbiologic tools, potentially enabling a new era of pharmacody­
namic monitoring in which candidate TB treatments are evaluated in vivo based on 
highly granular assessment of bacterial physiologic processes.

Full-Length Text Antimicrobial Agents and Chemotherapy

February 2025  Volume 69  Issue 2 10.1128/aac.01310-2413

https://doi.org/10.1128/aac.01310-24


ACKNOWLEDGMENTS

G.T.R. acknowledges funding from the Bill and Melinda Gates Foundation 
(INV-009105). N.D.W. acknowledges funding from the Bill and Melinda Gates Foun­
dation (OPP1170003), the U.S. National Institutes of Health (1R01AI127300-01A1, 
1UM1AI179699-01), and the U.S. Department of Veterans Affairs (1I01BX004527-01A1).

AUTHOR AFFILIATIONS

1Rocky Mountain Regional VA Medical Center, Aurora, Colorado, USA
2Center for Genes, Environment and Health, National Jewish Health, Denver, Colorado, 
USA
3Consortium for Applied Microbial Metrics, Aurora, Colorado, USA
4Division of Pulmonary Sciences and Critical Care Medicine, University of Colorado 
Anschutz Medical Campus, Aurora, Colorado, USA
5Linda Crnic Institute for Down Syndrome, University of Colorado Anschutz Medical 
Campus, Aurora, Colorado, USA
6Mycobacteria Research Laboratories, Department of Microbiology, Immunology, and 
Pathology, Colorado State University, Fort Collins, Colorado, USA
7Department of Immunology and Microbiology, University of Colorado Anschutz Medical 
Campus, Aurora, Colorado, USA
8Department of Biostatistics and Informatics, University of Colorado Anschutz Medical 
Campus, Aurora, Colorado, USA

AUTHOR ORCIDs

Elizabeth A. Wynn  http://orcid.org/0000-0002-5857-4483
Christian Dide-Agossou  http://orcid.org/0000-0001-9854-1785
Gregory T. Robertson  http://orcid.org/0000-0001-7157-4034
Nicholas D. Walter  http://orcid.org/0000-0003-0126-1993

FUNDING

Funder Grant(s) Author(s)

Bill and Melinda Gates Foundation 
(GF)

INV-009105 Gregory T. Robertson

Bill and Melinda Gates Foundation 
(GF)

OPP1170003 Nicholas D. Walter

HHS | National Institutes of Health 
(NIH)

1R01AI127300-01A1, 
1UM1AI179699-01

Nicholas D. Walter

U.S. Department of Veterans Affairs 
(VA)

1I01BX004527-01A1 Nicholas D. Walter

DATA AVAILABILITY

All raw sequencing data have been deposited in the Sequence Read Archive (SRA) 
under BioProject accession PRJNA1188116. Individual samples have BioSample accession 
numbers SAMN44825236 through SAMN44825293.

ETHICS APPROVAL

All animal procedures were approved by the Colorado State University Animal Care and 
Use Committee (reference number 18-065B) and conducted according to established 
guidelines.

ADDITIONAL FILES

The following material is available online.

Full-Length Text Antimicrobial Agents and Chemotherapy

February 2025  Volume 69  Issue 2 10.1128/aac.01310-2414

https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1188116/
https://www.ncbi.nlm.nih.gov/biosample/SAMN44825236/
https://www.ncbi.nlm.nih.gov/biosample/SAMN44825293/
https://doi.org/10.1128/aac.01310-24
https://doi.org/10.1128/aac.01310-24


Supplemental Material

File S1 (AAC01310-24-s0001.xlsx). Categorical enrichment for clusters of genes found 
using unsupervised clustering.
File S2 (AAC01310-24-s0002.xlsx). Categorical enrichment of each antibiotic relative to 
control.
File S3 (AAC01310-24-s0003.xlsx). Categorical enrichment of each antibiotic relative to 
one another.
Supplemental material (AAC01310-24-s0004.docx). Supplemental methods, Tables S1 
and S2, and Figures S1 to S3.

REFERENCES

1. World Health Organization. 2024. Global tuberculosis report 2024. 
Available from: https://www.who.int/teams/global-tuberculosis-
programme/tb-reports

2. Nahid P, Dorman SE, Alipanah N, Barry PM, Brozek JL, Cattamanchi A, 
Chaisson LH, Chaisson RE, Daley CL, Grzemska M, et al. 2016. Official 
American thoracic society/centers for disease control and prevention/
infectious diseases society of America clinical practice guidelines: 
treatment of drug-susceptible tuberculosis. Clin Infect Dis 63:e147–e195. 
https://doi.org/10.1093/cid/ciw376

3. Dartois VA, Rubin EJ. 2022. Anti-tuberculosis treatment strategies and 
drug development: challenges and priorities. Nat Rev Microbiol 20:685–
701. https://doi.org/10.1038/s41579-022-00731-y

4. Nuermberger E. 2008. Using animal models to develop new treatments 
for tuberculosis. Semin Respir Crit Care Med 29:542–551. https://doi.org/
10.1055/s-0028-1085705

5. Zhan L, Tang J, Sun M, Qin C. 2017. Animal models for tuberculosis in 
translational and precision medicine. Front Microbiol 8:717. https://doi.
org/10.3389/fmicb.2017.00717

6. De Groote MA, Gilliland JC, Wells CL, Brooks EJ, Woolhiser LK, Gruppo V, 
Peloquin CA, Orme IM, Lenaerts AJ. 2011. Comparative studies 
evaluating mouse models used for efficacy testing of experimental 
drugs against Mycobacterium tuberculosis. Antimicrob Agents 
Chemother 55:1237–1247. https://doi.org/10.1128/AAC.00595-10

7. Gumbo T, Lenaerts AJ, Hanna D, Romero K, Nuermberger E. 2015. 
Nonclinical models for antituberculosis drug development: a landscape 
analysis. J Infect Dis 211:S83–S95. https://doi.org/10.1093/infdis/jiv183

8. Walter ND, Born SEM, Robertson GT, Reichlen M, Dide-Agossou C, 
Ektnitphong VA, Rossmassler K, Ramey ME, Bauman AA, Ozols V, et al. 
2021. Mycobacterium tuberculosis precursor rRNA as a measure of 
treatment-shortening activity of drugs and regimens. Nat Commun 
12:2899. https://doi.org/10.1038/s41467-021-22833-6

9. Wynn EA, Dide-Agossou C, Reichlen M, Rossmassler K, Al Mubarak R, 
Reid JJ, Tabor ST, Born SEM, Ransom MR, Davidson RM, Walton KN, 
Benoit JB, Hoppers A, Loy DE, Bauman AA, Massoudi LM, Dolganov G, 
Strong M, Nahid P, Voskuil MI, Robertson GT, Moore CM, Walter ND. 
2023. Transcriptional adaptation of Mycobacterium tuberculosis that 
survives prolonged multi-drug treatment in mice. mBio 14:e0236323. 
https://doi.org/10.1128/mbio.02363-23

10. Goletti D, Lee MR, Wang JY, Walter N, Ottenhoff THM. 2018. Update on 
tuberculosis biomarkers: from correlates of risk, to correlates of active 
disease and of cure from disease. Respirology 23:455–466. https://doi.
org/10.1111/resp.13272

11. Waddell SJ, Stabler RA, Laing K, Kremer L, Reynolds RC, Besra GS. 2004. 
The use of microarray analysis to determine the gene expression profiles 
of Mycobacterium tuberculosis in response to anti-bacterial compounds. 
Tuberculosis (Edinb) 84:263–274. https://doi.org/10.1016/j.tube.2003.12.
005

12. Boshoff HIM, Myers TG, Copp BR, McNeil MR, Wilson MA, Barry CE 3rd. 
2004. The transcriptional responses of Mycobacterium tuberculosis to 
inhibitors of metabolism: novel insights into drug mechanisms of action. 
J Biol Chem 279:40174–40184. https://doi.org/10.1074/jbc.M406796200

13. Wilson M, DeRisi J, Kristensen HH, Imboden P, Rane S, Brown PO, 
Schoolnik GK. 1999. Exploring drug-induced alterations in gene 
expression in Mycobacterium tuberculosis by microarray hybridization. 
Proc Natl Acad Sci U S A 96:12833–12838. https://doi.org/10.1073/pnas.
96.22.12833

14. Deb C, Lee C-M, Dubey VS, Daniel J, Abomoelak B, Sirakova TD, Pawar S, 
Rogers L, Kolattukudy PE. 2009. A novel in vitro multiple-stress 
dormancy model for Mycobacterium tuberculosis generates a lipid-
loaded, drug-tolerant, dormant pathogen. PLoS One 4:e6077. https://
doi.org/10.1371/journal.pone.0006077

15. Betts JC, Lukey PT, Robb LC, McAdam RA, Duncan K. 2002. Evaluation of 
a nutrient starvation model of Mycobacterium tuberculosis persistence by 
gene and protein expression profiling. Mol Microbiol 43:717–731. https:/
/doi.org/10.1046/j.1365-2958.2002.02779.x

16. Poonawala H, Zhang Y, Kuchibhotla S, Green AG, Cirillo DM, Di Marco F, 
Spitlaeri A, Miotto P, Farhat MR. 2024. Transcriptomic responses to 
antibiotic exposure in Mycobacterium tuberculosis. Antimicrob Agents 
Chemother 68:e0118523. https://doi.org/10.1128/aac.01185-23

17. Mitchison DA. 1979. Basic mechanisms of chemotherapy. Chest 76:771–
781. https://doi.org/10.1378/chest.76.6_supplement.771

18. Mitchison DA. 2000. Role of individual drugs in the chemotherapy of 
tuberculosis. Int J Tuberc Lung Dis 4:796–806.

19. Chen C, Wicha SG, de Knegt GJ, Ortega F, Alameda L, Sousa V, de 
Steenwinkel JEM, Simonsson USH. 2017. Assessing pharmacodynamic 
interactions in mice using the multistate tuberculosis pharmacometric 
and general pharmacodynamic interaction models. CPT Pharmacomet­
rics Syst Pharmacol 6:787–797. https://doi.org/10.1002/psp4.12226

20. Love MI, Huber W, Anders S. 2014. Moderated estimation of fold change 
and dispersion for RNA-seq data with DESeq2. Genome Biol 15:550. 
https://doi.org/10.1186/s13059-014-0550-8

21. Robinson MD, McCarthy DJ, Smyth GK. 2010. edgeR: a bioconductor 
package for differential expression analysis of digital gene expression 
data. Bioinformatics 26:139–140. https://doi.org/10.1093/bioinformat­
ics/btp616

22. Murtagh F, Legendre P. 2014. Ward’s hierarchical agglomerative 
clustering method: which algorithms implement Ward’s criterion? J 
Classif 31:274–295. https://doi.org/10.1007/s00357-014-9161-z

23. Cole ST, Brosch R, Parkhill J, Garnier T, Churcher C, Harris D, Gordon SV, 
Eiglmeier K, Gas S, Barry CE III, et al. 1998. Deciphering the biology of 
Mycobacterium tuberculosis from the complete genome sequence. 
Nature 393:537–544. https://doi.org/10.1038/31159

24. Federico A, Monti SH. 2020. hypeR: an R package for geneset enrichment 
workflows. Bioinformatics 36:1307–1308. https://doi.org/10.1093/
bioinformatics/btz700

25. Benjamini Y, Hochberg Y. 1995. Controlling the false discovery rate: a 
practical and powerful approach to multiple testing. J R Stat Soc Ser B 
57:289–300. https://doi.org/10.1111/j.2517-6161.1995.tb02031.x

26. Prisic S, Hwang H, Dow A, Barnaby O, Pan TS, Lonzanida JA, Chazin WJ, 
Steen H, Husson RN. 2015. Zinc regulates a switch between primary and 
alternative S18 ribosomal proteins in Mycobacterium tuberculosis. Mol 
Microbiol 97:263–280. https://doi.org/10.1111/mmi.13022

27. Kushwaha AK, Bhushan S. 2020. Unique structural features of the 
Mycobacterium ribosome. Prog Biophys Mol Biol 152:15–24. https://doi.
org/10.1016/j.pbiomolbio.2019.12.001

28. Karbalaei Zadeh Babaki M, Soleimanpour S, Rezaee SA. 2017. Antigen 85 
complex as a powerful Mycobacterium tuberculosis immunogene: 
biology, immune-pathogenicity, applications in diagnosis, and vaccine 
design. Microb Pathog 112:20–29. https://doi.org/10.1016/j.micpath.
2017.08.040

Full-Length Text Antimicrobial Agents and Chemotherapy

February 2025  Volume 69  Issue 2 10.1128/aac.01310-2415

https://www.who.int/teams/global-tuberculosis-programme/tb-reports
https://doi.org/10.1093/cid/ciw376
https://doi.org/10.1038/s41579-022-00731-y
https://doi.org/10.1055/s-0028-1085705
https://doi.org/10.3389/fmicb.2017.00717
https://doi.org/10.1128/AAC.00595-10
https://doi.org/10.1093/infdis/jiv183
https://doi.org/10.1038/s41467-021-22833-6
https://doi.org/10.1128/mbio.02363-23
https://doi.org/10.1111/resp.13272
https://doi.org/10.1016/j.tube.2003.12.005
https://doi.org/10.1074/jbc.M406796200
https://doi.org/10.1073/pnas.96.22.12833
https://doi.org/10.1371/journal.pone.0006077
https://doi.org/10.1046/j.1365-2958.2002.02779.x
https://doi.org/10.1128/aac.01185-23
https://doi.org/10.1378/chest.76.6_supplement.771
https://doi.org/10.1002/psp4.12226
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1007/s00357-014-9161-z
https://doi.org/10.1038/31159
https://doi.org/10.1093/bioinformatics/btz700
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1111/mmi.13022
https://doi.org/10.1016/j.pbiomolbio.2019.12.001
https://doi.org/10.1016/j.micpath.2017.08.040
https://doi.org/10.1128/aac.01310-24


29. Mascolo L, Bald D. 2020. Cytochrome bd in Mycobacterium tuberculosis: a 
respiratory chain protein involved in the defense against antibacterials. 
Prog Biophys Mol Biol 152:55–63. https://doi.org/10.1016/j.pbiomolbio.
2019.11.002

30. Nandakumar M, Nathan C, Rhee KY. 2014. Isocitrate lyase mediates 
broad antibiotic tolerance in Mycobacterium tuberculosis. Nat Commun 
5:4306. https://doi.org/10.1038/ncomms5306

31. Garton NJ, Waddell SJ, Sherratt AL, Lee S-M, Smith RJ, Senner C, Hinds J, 
Rajakumar K, Adegbola RA, Besra GS, Butcher PD, Barer MR. 2008. 
Cytological and transcript analyses reveal fat and lazy persister-like 
bacilli in tuberculous sputum. PLoS Med 5:e75. https://doi.org/10.1371/
journal.pmed.0050075

32. Quigley J, Hughitt VK, Velikovsky CA, Mariuzza RA, El-Sayed NM, Briken V. 
2017. The cell wall lipid PDIM contributes to phagosomal escape and 
host cell exit of Mycobacterium tuberculosis. mBio 8:e00148-17. https://
doi.org/10.1128/mBio.00148-17

33. Klepp LI, Sabio Y Garcia J, FabianaBigi. 2022. Mycobacterial MCE proteins 
as transporters that control lipid homeostasis of the cell wall. 
Tuberculosis (Edinb) 132:102162. https://doi.org/10.1016/j.tube.2021.
102162

34. Walter ND, Dolganov GM, Garcia BJ, Worodria W, Andama A, Musisi E, 
Ayakaka I, Van TT, Voskuil MI, de Jong BC, Davidson RM, Fingerlin TE, 
Kechris K, Palmer C, Nahid P, Daley CL, Geraci M, Huang L, Cattamanchi 
A, Strong M, Schoolnik GK, Davis JL. 2015. Transcriptional adaptation of 
drug-tolerant Mycobacterium tuberculosis during treatment of human 
tuberculosis. J Infect Dis 212:990–998. https://doi.org/10.1093/infdis/
jiv149

35. Oh Y, Song S-Y, Kim H-J, Han G, Hwang J, Kang H-Y, Oh J-I. 2020. The 
partner switching system of the SigF sigma factor in Mycobacterium 
smegmatis and induction of the SigF regulon under respiration-
inhibitory conditions. Front Microbiol 11:588487. https://doi.org/10.
3389/fmicb.2020.588487

36. Chauhan R, Ravi J, Datta P, Chen T, Schnappinger D, Bassler KE, Balázsi G, 
Gennaro ML. 2016. Reconstruction and topological characterization of 
the sigma factor regulatory network of Mycobacterium tuberculosis. Nat 
Commun 7:11062. https://doi.org/10.1038/ncomms11062

37. Rustad TR, Harrell MI, Liao R, Sherman DR. 2008. The enduring hypoxic 
response of Mycobacterium tuberculosis. PLoS One 3:e1502. https://doi.
org/10.1371/journal.pone.0001502

38. Connolly LE, Edelstein PH, Ramakrishnan L. 2007. Why is long-term 
therapy required to cure tuberculosis? PLoS Med 4:e120. https://doi.org/
10.1371/journal.pmed.0040120

39. Mandal S, Njikan S, Kumar A, Early JV, Parish T. 2019. The relevance of 
persisters in tuberculosis drug discovery. Microbiol (Reading, Engl) 
165:492–499. https://doi.org/10.1099/mic.0.000760

40. Tasneen R, Li S-Y, Peloquin CA, Taylor D, Williams KN, Andries K, Mdluli 
KE, Nuermberger EL. 2011. Sterilizing activity of novel TMC207- and 
PA-824-containing regimens in a murine model of tuberculosis. 
Antimicrob Agents Chemother 55:5485–5492. https://doi.org/10.1128/
AAC.05293-11

41. Mondoni M, Saderi L, Sotgiu G. 2021. Novel treatments in multidrug-
resistant tuberculosis. Curr Opin Pharmacol 59:103–115. https://doi.org/
10.1016/j.coph.2021.05.007

42. Lange C, Dheda K, Chesov D, Mandalakas AM, Udwadia Z, Horsburgh CR 
Jr. 2019. Management of drug-resistant tuberculosis. Lancet 394:953–
966. https://doi.org/10.1016/S0140-6736(19)31882-3

43. Hards K, Robson JR, Berney M, Shaw L, Bald D, Koul A, Andries K, Cook 
GM. 2015. Bactericidal mode of action of bedaquiline. J Antimicrob 
Chemother 70:2028–2037. https://doi.org/10.1093/jac/dkv054

44. Koul A, Vranckx L, Dhar N, Göhlmann HWH, Özdemir E, Neefs J-M, Schulz 
M, Lu P, Mørtz E, McKinney JD, Andries K, Bald D. 2014. Delayed 
bactericidal response of Mycobacterium tuberculosis to bedaquiline 
involves remodelling of bacterial metabolism. Nat Commun 5:3369. 
https://doi.org/10.1038/ncomms4369

45. Braverman J, Stanley SA. 2017. Nitric oxide modulates macrophage 
responses to Mycobacterium tuberculosis infection through activation of 
HIF-1α and Repression of NF-κB. J Immunol 199:1805–1816. https://doi.
org/10.4049/jimmunol.1700515

46. Jamaati H, Mortaz E, Pajouhi Z, Folkerts G, Movassaghi M, Moloudizar­
gari M, Adcock IM, Garssen J. 2017. Nitric oxide in the pathogenesis and 
treatment of tuberculosis. Front Microbiol 8:2008. 
https://doi.org/10.3389/fmicb.2017.02008

47. Schnappinger D, Schoolnik GK, Ehrt S. 2006. Expression profiling of host 
pathogen interactions: how Mycobacterium tuberculosis and the 
macrophage adapt to one another. Microbes Infect 8:1132–1140. https:/
/doi.org/10.1016/j.micinf.2005.10.027

48. Schnappinger D, Ehrt S, Voskuil MI, Liu Y, Mangan JA, Monahan IM, 
Dolganov G, Efron B, Butcher PD, Nathan C, Schoolnik GK. 2003. 
Transcriptional adaptation of Mycobacterium tuberculosis within 
macrophages: Insights into the phagosomal environment. J Exp Med 
198:693–704. https://doi.org/10.1084/jem.20030846

49. Cliff JM, Lee J-S, Constantinou N, Cho J-E, Clark TG, Ronacher K, King EC, 
Lukey PT, Duncan K, Van Helden PD, Walzl G, Dockrell HM. 2013. Distinct 
phases of blood gene expression pattern through tuberculosis 
treatment reflect modulation of the humoral immune response. J Infect 
Dis 207:18–29. https://doi.org/10.1093/infdis/jis499

50. Bloom CI, Graham CM, Berry MPR, Wilkinson KA, Oni T, Rozakeas F, Xu Z, 
Rossello-Urgell J, Chaussabel D, Banchereau J, Pascual V, Lipman M, 
Wilkinson RJ, O’Garra A. 2012. Detectable changes in the blood 
transcriptome are present after two weeks of antituberculosis therapy. 
PLoS ONE 7:e46191. https://doi.org/10.1371/journal.pone.0046191

51. Lenaerts AJ, Degroote MA, Orme IM. 2008. Preclinical testing of new 
drugs for tuberculosis: current challenges. Trends Microbiol 16:48–54. 
https://doi.org/10.1016/j.tim.2007.12.002

52. Walter ND, Ernest JP, Dide-Agossou C, Bauman AA, Ramey ME, 
Rossmassler K, Massoudi LM, Pauly S, Al Mubarak R, Voskuil MI, Kaya F, 
Sarathy JP, Zimmerman MD, Dartois V, Podell BK, Savic RM, Robertson 
GT. 2023. Lung microenvironments harbor Mycobacterium tuberculosis 
phenotypes with distinct treatment responses. Antimicrob Agents 
Chemother 67:e0028423. https://doi.org/10.1128/aac.00284-23

53. Zhang N, Strydom N, Tyagi S, Soni H, Tasneen R, Nuermberger EL, Savic 
RM. 2020. Mechanistic modeling of Mycobacterium tuberculosis infection 
in murine models for drug and vaccine efficacy studies. Antimicrob 
Agents Chemother 64:e01727-19. https://doi.org/10.1128/AAC.01727-19

Full-Length Text Antimicrobial Agents and Chemotherapy

February 2025  Volume 69  Issue 2 10.1128/aac.01310-2416

https://doi.org/10.1016/j.pbiomolbio.2019.11.002
https://doi.org/10.1038/ncomms5306
https://doi.org/10.1371/journal.pmed.0050075
https://doi.org/10.1128/mBio.00148-17
https://doi.org/10.1016/j.tube.2021.102162
https://doi.org/10.1093/infdis/jiv149
https://doi.org/10.3389/fmicb.2020.588487
https://doi.org/10.1038/ncomms11062
https://doi.org/10.1371/journal.pone.0001502
https://doi.org/10.1371/journal.pmed.0040120
https://doi.org/10.1099/mic.0.000760
https://doi.org/10.1128/AAC.05293-11
https://doi.org/10.1016/j.coph.2021.05.007
https://doi.org/10.1016/S0140-6736(19)31882-3
https://doi.org/10.1093/jac/dkv054
https://doi.org/10.1038/ncomms4369
https://doi.org/10.4049/jimmunol.1700515
https://doi.org/10.3389/fmicb.2017.02008
https://doi.org/10.1016/j.micinf.2005.10.027
https://doi.org/10.1084/jem.20030846
https://doi.org/10.1093/infdis/jis499
https://doi.org/10.1371/journal.pone.0046191
https://doi.org/10.1016/j.tim.2007.12.002
https://doi.org/10.1128/aac.00284-23
https://doi.org/10.1128/AAC.01727-19
https://doi.org/10.1128/aac.01310-24

	Emergence of antibiotic-specific Mycobacterium tuberculosis phenotypes during prolonged treatment of mice
	MATERIALS AND METHODS
	Murine experiments and RNA extraction
	RNA sequencing and data preparation
	Statistical analysis

	RESULTS
	Effect of antibiotic treatments on CFU burden
	Clustering of antibiotic-induced transcriptional change
	Shared Mtb transcriptional responses to diverse antibiotic exposures
	Transcriptional response to sterilizing versus non-sterilizing antibiotics
	Distinguishing effects of individual antibiotics

	DISCUSSION


