
Metabolomics Studies To Decipher Stress Responses in
Mycobacterium smegmatis Point to a Putative Pathway of
Methylated Amine Biosynthesis

Arshad Rizvi,a Saleem Yousf,b Kannan Balakrishnan,a Harish Kumar Dubey,a Shekhar C. Mande,d* Jeetender Chugh,b,c

Sharmistha Banerjeea

aDepartment of Biochemistry, School of Life Sciences, University of Hyderabad, Hyderabad, Telangana, India
bDepartment of Chemistry, Indian Institute of Science Education and Research (IISER), Pune, Maharashtra, India
cDepartment of Biology, Indian Institute of Science Education and Research (IISER), Pune, Maharashtra, India
dNational Centre for Cell Science, Pune, Maharashtra, India

ABSTRACT Mycobacterium smegmatis, the saprophytic soil mycobacterium, is rou-
tinely used as a surrogate system to study the human pathogen Mycobacterium tubercu-
losis. It has also been reported as an opportunistic pathogen in immunocompromised
hosts. In addition, it can exist in several ecological setups, thereby suggesting its capac-
ity to adapt to a variety of environmental cues. In this study, we employed untargeted
proton nuclear magnetic resonance (1H-NMR)-based metabolomics to identify metabo-
lites and metabolic pathways critical for early adaptive responses to acidic stress, oxida-
tive stress, and nutrient starvation in Mycobacterium smegmatis. We identified 31, 20,
and 46 metabolites that showed significant changes in levels in response to acidic, oxi-
dative, and nutrient starvation stresses, respectively. Pathway analyses showed signifi-
cant perturbations in purine-pyrimidine, amino-acid, nicotinate-nicotinamide, and energy
metabolism pathways. Besides these, differential levels of intermediary metabolites in-
volved in �-glucan biosynthesis pathway were observed. We also detected high levels of
organic osmolytes, methylamine, and betaine during nutrient starvation and oxidative
stress. Further, tracing the differential levels of these osmolytes through computational
search tools, gene expression studies (using reverse transcription-PCR [RT-PCR]), and en-
zyme assays, we detected the presence of a putative pathway of biosynthesis of betaine,
methylamine, and dimethylamine previously unreported in Mycobacterium smegmatis.

IMPORTANCE Alterations in metabolite levels provide fast and direct means to regulate
enzymatic reactions and, therefore, metabolic pathways. This study documents, for the
first time, the metabolic changes that occur in Mycobacterium smegmatis as a response
to three stresses, namely, acidic stress, oxidative stress, and nutrient starvation. These
stresses are also faced by intracellular mycobacteria during infection and therefore may
be extended to frame therapeutic interventions for pathogenic mycobacteria. In addition
to the purine-pyrimidine, amino acid, nicotinate-nicotinamide, and energy metabolism
pathways that were found to be affected in response to different stresses, a novel puta-
tive methylamine biosynthesis pathway was identified to be present in Mycobacterium
smegmatis.

KEYWORDS mycobacteria, metabolomics, methylated amines, osmolyte, stress
response, trimethylamine dehydrogenase

The genus Mycobacterium, though more famous for dreaded human pathogens like
Mycobacterium tuberculosis, includes almost 200 species of nonpathogenic myco-

bacteria which form an important constituent of various habitats, including endan-
gered coastal swamps and peat-rich wetlands (1, 2). The hydrophobic cell surface
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permits the accumulation and persistence of mycobacteria under various environmen-
tal conditions and interfaces, including aerosolized droplets (3–7).

Microbes, pathogenic or nonpathogenic, are always under stress due to continually
changing habitats (8, 9). Mycobacterium smegmatis, a nonpathogenic saprophyte, has
been reported to reside in habitats including soil, water (including drinking water), and
air from peat moss processing plants (3, 10). These varied environments pose a
spectrum of challenges and growth-limiting conditions, like nutrient deprivation, low
pH, and low oxygen.

Despite residing in a completely different habitat, M. smegmatis is used as a model
system to study the properties of the human pathogen M. tuberculosis (11, 12). This is
primarily due to its avirulent nature and higher growth rate than that of M. tuberculosis,
making it easier to handle in laboratory setups. Additionally, it shares several properties
with pathogenic mycobacteria, including (i) a thick mycolic acid-rich cell wall, (ii) inducible
pH homeostasis, (iii) response to anaerobiosis, and (iv) substrate deprivation (12–15).
The presence of antioxidant enzymes, viz., superdioxide dismutase, catalase, and
peroxidase in M. smegmatis, which can detoxify reactive oxygen species (ROS) (16),
suggests that even in its natural habitat it is prepared to face the challenges of ROS.
Lately, M. smegmatis has also been reported to cause opportunistic infections in immuno-
compromised hosts (17).

Most studies performed to date have attempted to study the adaptation by mycobac-
teria to different stresses for survival using genomics-, transcriptomics-, and proteomics-
based approaches (11, 18–25). Metabolomics, defined as the study of global metabolites
in a given biological system at a given time in contrast to the other omics studies,
provides insights into the final product of gene transcription. The changes in the
metabolome are relatively amplified with respect to the changes in the transcriptome
and proteome and thus serve as immediate markers for an early response to any
change in an environment (26). Previous studies have attempted to identify distinct
metabolic signatures associated with different growth stages and drug responses in M.
smegmatis. For instance, distinct metabolic profiles have been reported among various
mycobacterial species in different growth stages (27), during stresses such as hypoxia
(28), and in M. smegmatis treated with antimycobacterial agents, namely, rifampin,
capreomycin (29), and pretomanid (30). These studies identified distinctive metabolic
signatures toward growth stages and drug responses in M. smegmatis.

With this background, we hypothesized that a metabolomics approach would help
gain new insights into similar or unique responses at metabolic levels in M. smegmatis
to different stresses that have not been reported earlier. For this, we employed
untargeted proton nuclear magnetic resonance (1H-NMR) spectroscopy-based metabo-
lomics methods to study the responses of M. smegmatis to imbalances in metabolism
due to three abiotic stresses, namely, acidic stress given by reducing the pH of the
medium, oxidative stress given by the addition of hydrogen peroxide, and nutrient
starvation by growing mycobacteria in phosphate-buffered saline (PBS). These three
stresses are faced by M. smegmatis both as a soil mycobacterium and as an opportu-
nistic infection inside human phagocytic cells. The study reports, for the first time, a
significant increase in the levels of organic osmolytes, methylamine, and betaine as an
early adaptive stress response to nutrient starvation and oxidative stress. These obser-
vations were then used to trace putative pathways of biosynthesis of these secondary
metabolites in M. smegmatis through computational search tools, gene expression
studies (using reverse transcription-PCR [RT-PCR]), and enzyme assays.

RESULTS AND DISCUSSION
Differential metabolites associated with stresses. Fifty-six different metabolites,

including the standard DSS (4,4-dimethyl-4-silapentane-1-sulfonic acid), were identified
and marked on the 1H-NMR spectrum (see Fig. S1a and Table S1 in the supplemental
material). Univariate analysis with a minimum cutoff of 1.2-fold change, P value of
�0.05, and a false-discovery rate of �0.05 showed 31, 20, and 46 metabolites with
significant differential levels in acidic stress, oxidative stress, and nutrient starvation,
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respectively, compared to the control. Refer to Table S2a to d for comprehensive lists
of differential metabolites in response to these stresses and to Materials and Methods
for details on the cutoffs applied for analysis of the data. A graphical representation of
individual metabolite levels in different stresses is provided as a heat map (Fig. 1),
showing the relative concentration of metabolites under the different conditions and
across different experiment groups. A noticeable observation was high levels of the
osmolytes methylamine, dimethylamine, and betaine in oxidative stress and nutrient
starvation compared to the control. Methylamine levels were highest in nutrient starvation
(3.45-fold change), while oxidative stress showed 2.85-fold higher methylamine and
2.36-fold higher betaine levels than in the control. Dimethylamine levels increased
moderately during all stresses by about 1.39-fold (Table S2).

Further, principal-component analysis (PCA) and partial least-squares-discriminate
analysis (PLS-DA) were performed to examine the intrinsic variations in the groups and
identify a distinct metabolic signature characteristic of the specific stress response (refer
to the text and Fig. S2 and S3 for details). Variable importance in projection (VIP) scores

FIG 1 Heat map representation of the metabolic changes in M. smegmatis upon exposure to acidic stress,
oxidative stress, and nutrient starvation compared to the control. Each row represents a single metab-
olite detected in the study. Color differences demonstrate the relative concentrations of metabolites
across the different conditions and experiment groups. Individual samples (horizontal axis) and metab-
olites (vertical axis) are separated using hierarchical clustering (Ward’s algorithm), with the dendrogram
scaled to represent the distance between each branch (Pearson’s correlation). From each group, 10
biological samples were analyzed. Dark-orange color in a the tile indicates high levels, and dark blue
indicates low levels. HMVA, 2-hydroxy-3-methyl valeric acid.
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obtained from the PLS-DA models were used to identify key metabolites that segre-
gated each stress response from the control. Figure 2 shows the metabolites with the
top 15 VIP scores under each stress condition compared to the control. We observed,
when all the stresses were compared collectively with the control, that the critical
distinguishing metabolites belonged to energy metabolism and amino acid metabo-
lism, while also citing betaine (Fig. 2d). Methylamine appeared as a distinguishable
metabolite for oxidative stress but not for nutrient starvation. We also observed that
critical metabolites associated with �-glucan biosynthesis (31, 32), namely, trehalose
and maltose, were at distinguishable levels, with high VIP scores, during different stresses
(Fig. 2).

Metabolic pathways perturbed during stresses. Having determined the differen-
tial levels of metabolites during stresses, the data were subjected to metabolic pathway

FIG 2 Variable importance in projection (VIP) plots with the top 15 discriminating metabolites identified through PLS-DA analyses in descending order of
importance. (a) Acidic stress versus the control. (b) Oxidative stress versus the control. (c) Nutrient starvation versus the control. (d) Acidic, oxidative, and nutrient
starvation versus the control. The colored boxes on the right indicate the relative concentrations given on a scale of high (red) to low (green) for the
corresponding metabolites in each group.
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impact analysis to identify the relevant pathways that were perturbed (33). Information
related to metabolic pathways with their impact values and corresponding negative
natural logs of the P value [�log(P)] is given in Table S4. Table 1 shows the top seven
pathways perturbed during stresses. It was interesting to note that although common
pathways were perturbed across different stresses, the significance scores [�log(P)] in
their pairwise comparisons were found to be different, suggesting differential impor-
tance of one pathway over the other in different stresses. In the pairwise comparison
of acidic stress versus control, the most significant pathways perturbed based on
highest �log(P) were glycine-serine-threonine metabolism and glutamine-glutamate
metabolism. In the oxidative stress, nicotinate-nicotinamide metabolism and glycine-
serine-threonine metabolism were the principal pathways altered, and, under the
nutrient starvation condition, the major pathways perturbed were alanine-aspartate-
glutamate metabolism and beta-alanine metabolism. The analyses did not reflect
pathways associated with methylated amines despite altered levels of these metabo-
lites during stresses. We presumed that this might have been due to the absence of an
annotated pathway of methylated amines in M. smegmatis.

Putative pathway of biosynthesis of methylated amines in M. smegmatis. As
mentioned above, the metabolomics data showed high intracellular levels of the
osmolytes betaine, methylamine, and dimethylamine when M. smegmatis was sub-
jected to stress (Fig. 3a). Besides protecting from ionic imbalances, these osmolytes are
also known to play a role in adaptation to various stresses (34–38). While many bacteria,
including those of the human microbiota, can produce these methylated amines from
carnitine (39), the biosynthesis pathway of methylamines is not reported in M. smeg-
matis. With no direct supplements of tri-, di-, or methylamine, we asked the question
of how these metabolites were produced in M. smegmatis, if the orthologous genes of

TABLE 1 Metabolic pathway impact analysis, with the top seven metabolic pathways significantly influenced under acidic stress,
oxidative stress, and nutrient starvation compared to the control

Pathway
no.

Pathway impact analysis

Function by stress type

Total no. of
metabolites
in pathway

No. of matched
metabolites
(hits) �log(P)a

FDR (Benjamini-
Hochberg) Impactb

Acidic stress
1 Glycine, serine, and threonine metabolism 28 4 20.31 1.09E�08 0.21
2 D-Glutamine and D-glutamate metabolism 7 2 18.68 3.70E�08 0.38
3 �-Alanine metabolism 9 2 15.17 7.28E�07 1
4 Alanine, aspartate, and glutamate metabolism 20 5 15.12 7.28E�07 0.69
5 Pyrimidine metabolism 37 2 13.04 4.23E�06 0.11
6 Purine metabolism 66 5 12.75 5.41E�06 0.14
7 Nicotinate and nicotinamide metabolism 13 3 9.89 8.09E�05 0.15

Oxidative stress
1 Nicotinate and nicotinamide metabolism 13 3 21.63 8.69E�09 0.15
2 Glycine, serine, and threonine metabolism 28 4 19.08 4.63E�08 0.21
3 D-Glutamine and D-glutamate metabolism 7 2 18.39 7.41E�08 0.38
4 Amino sugar and nucleotide sugar metabolism 38 4 18.13 8.22E�08 0.21
5 Purine metabolism 66 5 16.23 3.50E�07 0.14
6 Alanine, aspartate, and glutamate metabolism 20 5 16.23 3.50E�07 0.69
7 �-Alanine metabolism 9 2 15.64 5.06E�07 1

Nutrient starvation stress
1 Alanine, aspartate, and glutamate metabolism 20 5 34.86 7.84E�15 0.69
2 �-Alanine metabolism 9 2 26.77 1.13E�11 1
3 Nicotinate and nicotinamide metabolism 13 3 21.8 1.22E�09 0.15
4 Purine metabolism 66 5 21.23 1.99E�09 0.14
5 Pyrimidine metabolism 37 2 19.33 1.02E�08 0.11
6 Amino sugar and nucleotide sugar metabolism 38 4 19.11 1.19E�08 0.21
7 Glycine, serine, and threonine metabolism 28 4 18.28 2.37E�08 0.21
a�log(P), negative natural log of the P value for each pathway.
bImpact, pathway impact value calculated from the pathway topology analysis. Pathways with pathway impact values of �0.1, P values of �0.05, and FDRs of �0.05
were considered to be perturbed significantly.
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methylamine biosynthesis pathways were present, and if those genes were expressed
under stress conditions. In methylotrophic bacteria, dimethylamine can be produced
from trimethylamine by trimethylamine dehydrogenase (TMD) and methylamine from
dimethylamine using dimethylamine dehydrogenase (DMD). In certain bacteria, both of
these steps are mediated by a single dehydrogenase, which shares similar physical,
chemical, spectral, and kinetic properties (40). An open reading frame (ORF) or a gene
by this name could not be located within the annotated M. smegmatis genome (https://
mycobrowser.epfl.ch/).

A protein sequence similarity search using PSI-BLAST was then performed using the
protein sequence of TMD from the methylotroph Methylophilus methylotrophus (bac-

FIG 3 A putative pathway of biosynthesis of methylated amines in M. smegmatis. (a) Putative methylamine pathway showing the
identified intermediate metabolites under different stress conditions. The numbers indicate the orthologues of M. smegmatis
genes identified in this study that possibly catalyze these reactions similar to those in methylotrophic bacteria (refer to the text
for details). (b) RT-PCR of orthologue ORFs of M. smegmatis indicated in panel a under different stress conditions; a negative (�ve)
control containing RNA instead of cDNA was used to rule out genomic DNA contamination. (c) Homology modeling of
MSMEG_5124 (magenta) using TMD of bacterium W3A1 (blue) with overlapping catalytic sites, as illustrated. (d) The concentration
of NADH versus time plot for the reaction with trimethylamine (TMA) as the substrate. The rate curve of the control reaction
(MSMEG_5124 plus 2 mM NAD� only; Œ) is shown along with the rate curve of the reaction (MSMEG_5124 plus 20mM TMA plus
2 mM NAD�; ●). (e) A concentration of NADH versus time plot for reaction with dimethylamine (DMA) as the substrate. The rate
curve of the control reaction (MSMEG_5124 plus 2mM NAD� only; Œ) is shown along with the rate curve of the reaction
(MSMEG_5124 plus 20mM DMA plus 2 mM NAD�; ●).
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terium W3A1; UniProt accession no. P16099) as the query sequence and the mc2155
genome as the subject. A sequence identity of 26% with a query coverage of 72% were
observed with MSMEG_5124 of M. smegmatis. MSMEG_5124 is annotated as 2,4-
dienoyl coenzyme A (dienoyl-CoA) reductase (DCR), identified by protein family
similarity (https://mycobrowser.epfl.ch/genes/MSMEG_5124).

A literature survey showed that Hubbard et al. had earlier pointed out certain similarities
between TMD of Methylophilus methylotrophus and DCR of Escherichia coli (41). These
authors solved the crystal structure of Escherichia coli DCR and observed that the
domain arrangement and overall polypeptide fold resembled those of TMD. With these
clues, MSMEG_5124 was then aligned with E. coli DCR (UniProt accession no. P42593),
which showed 100% query coverage and an identity of 54%, suggesting that there is
a possibility that although annotated as DCR, MSMEG_5124 also functions as TMD in M.
smegmatis. Homology modeling of MSMEG_5124 using TMD of Methylophilus methyl-
otrophus, bacterium W3A1 (Mm-TMD), showed overlapping catalytic sites, as illustrated
diagrammatically in Fig. 3c. Cysteine residues for 4Fe-4S in Mm-TMD (CYS315, CYS351,
and CYS364) and MSMEG_5124 (CYS335, CYS342, and CYS354) were observed to be
conserved. With this supporting information, we checked if this probable ORF was
expressed in M. smegmatis under both control and stress conditions, for which RT-PCR
of MSMEG_5124 was performed using specific primers (Fig. 3b). The results showed
that MSMEG_5124 is expressed in M. smegmatis under all conditions.

With the confirmation of the expression of MSMEG_5124, a putative TMD in M.
smegmatis, and evidence of intermediate metabolites, dimethylamine, and methyl-
amine from the metabolomics data, we further cloned and purified MSMEG_5124 to
check its possible enzymatic activity. Purified MSMEG_5124 (Fig. S4b) was used for the
enzymatic assay, as described in Materials and Methods. The rate plots clearly show that
MSMEG_5124 could function as TMD (Fig. 3d) but show higher activity with dimeth-
ylamine as the substrate (Fig. 3e), indicating that MSMEG_5124 can utilize both
trimethylamine and dimethylamine as substrates, as reported in certain bacteria (40).
While it is still required to check if MSMEG_5124 functions as DCR as annotated, these
experiments point toward its possible TMD and DMD activities. These observations
suggested the presence of a putative pathway of conversion of trimethylamine to dimeth-
ylamine and methylamine.

Next, we wanted to know the possible intracellular source of trimethylamine (TMA).
Metabolomics data showed that betaine is accumulated during oxidative stress and
nutrient starvation. The gene pair carnitine monooxygenase reductase subunit (YeaX)
as a complex with an oxygenase component (Rieske [2Fe-2S] [YeaW] region) of E. coli
K-12 can use different substrates, namely, carnitine, �-butyrobetaine, choline, and
betaine, to produce trimethylamine, a system which is also reported in many bacteria,
including those associated with gut microbiota (42). We next looked for these genes in
the genome of M. smegmatis mc2155. With E. coli genes (UniProt accession numbers
P76254 and P0ABR7) as references, scanning of mc2155 using PSI-BLAST showed two
orthologs, MSMEG_4371 and MSMEG_0657, with similarities to YeaX (38% identity) and
YeaW (37% identity), respectively. MSMEG_4371 and MSMEG_0657 are hypothetical
ORFs with no experimental evidence of their expression in M. smegmatis. The expres-
sion of MSMEG_4371 and MSMEG_0657 in M. smegmatis under both control and stress
conditions was checked using RT-PCR (Fig. 3b). Once again, these were observed to be
expressed under all conditions. It was noted that the transcript levels of these genes
were similar under all stress conditions, although the intermediate metabolites of the
pathway were differential in their levels (Fig. 3b). These experiments suggested a
putative pathway that could convert betaine into TMA and TMA into methylamines in
M. smegmatis. One may therefore speculate that betaine, which accumulated during
oxidative stress and nutrient starvation in our metabolomics data, was the possible
intracellular source for the synthesis of methylated amines. With the expression of all
these hypothetical ORFs from the M. smegmatis genome, confirmation of TMD/DMD
activity of MSMEG_5124, and the presence of intermediate metabolites that are cata-
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lyzed by these ORFs in our metabolomics data, we propose the existence of a putative
pathway of biosynthesis of methylamines in M. smegmatis (Fig. 3a).

Methylamines are reported to be utilized to synthesize formaldehyde and ammonia,
which may serve as an advantage to pathogenic mycobacteria, especially during acidic
stress (43). Several in vitro biochemical studies have shown that methylamines can
provide stability to proteins, a property by which they may function as osmolytes,
providing protection from osmotic stress (44). One may expect that a similar feature of
methylamine may provide an adaptive advantage during oxidative stress and nutrient
starvation. With these observations, one may hypothesize that M. smegmatis lacking
gene MSMEG_5124 would be compromised in surviving nutrient starvation and oxi-
dative stress. The importance of this pathway and the ORFs in stress adaptation can be
deciphered through knockout/knockdown studies. It would also be interesting to study
the homologs of these genes in Mycobacterium tuberculosis, where if found to be
essential for survival in oxidative stress and nutrient starvation, they may serve as new
drug targets. Our hypothesis is strengthened by recent reports where betaine and
trimethylamine N-oxide, which arises from trimethylamine, have been shown to accu-
mulate in tuberculosis granulomas in guinea pigs (45). Betaine also contributes to early
steps in the colonization of pathogenic mycobacteria in the host (46).

With recent reports on possible methylotrophy in mycobacteria (47–49), it will be
interesting to explore if the mechanisms of protection given by methylamine are similar
or different during different stresses. Further studies involving knockout/knockdown of
MSMEG_5124 and detailed enzymatic characterization of MSMEG_5124 will shed light
on the significance of this ORF in mycobacterial physiology.

Conclusions. Overall, this study provides the first comprehensive list of differential
levels of metabolites in response to three abiotic stresses in M. smegmatis. The comparative
metabolic analysis demonstrated that these stresses induce a considerable metabolic
shift in M. smegmatis. The metabolic profile shift was most distinct for nutrient
starvation compared to acidic stress and oxidative stress. The paper also lists stress-
specific metabolites distinguishing the stress response from control, using VIP scores.
Pathway analysis using the metabolomics data imparted various degrees of significance
to the perturbed pathways. While it was expected that the bacteria would only rewire
its energy metabolism in response to stresses, several distinct differences in responses
to these three stresses were also noticed. It was noted that while glycine-serine-
threonine metabolism was perturbed significantly in both acidic stress and oxidative
stress, perturbation in the nicotinate-nicotinamide pathway was more significant in
oxidative stress, and alanine-aspartate-glutamate metabolism and beta-alanine metab-
olism were more significant for the nutrient starvation response. These data point to
the similarities and uniqueness in metabolic adaptations by M. smegmatis to these
stresses.

Though limited by the number of metabolites identified through 1H-NMR, the
strength of the study is the number of replicates used per experimental condition
that permitted thorough and meaningful statistical analyses. The baseline informa-
tion generated through these metabolomics data could be used to trace the
presence of an unreported putative methylamine biosynthesis pathway in M.
smegmatis, opening new research questions in the field and encouraging further
metabolomics studies to reveal additional vital aspects of mycobacterial metabo-
lism not accessible by existing genomic or proteomic approaches. The orthologs of
these new pathways can be traced in pathogenic mycobacteria, and their signifi-
cance may be studied to understand mycobacterial strategies for host invasion.

MATERIALS AND METHODS
Bacterial strains and experimental conditions. Mycobacterium smegmatis mc2155 (M. smegmatis)

was used in the present study. The growth of mycobacteria was achieved as described earlier, with a few
modifications (24). M. smegmatis was grown at 37°C with shaking at 180 rpm in 7H9 medium with 0.4%
(vol/vol) glycerol and 0.05% (vol/vol) tyloxapol, and supplemented with 10% (vol/vol) oleic acid-albumin-
dextrose-catalase (OADC) until its optical density at 600 nm (OD600) reached 0.5 to 0.7. The cultures were
harvested, washed with 1� phosphate-buffered saline (PBS), and resuspended in medium mimicking
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abiotic stress conditions. M. smegmatis was subjected to three stresses, as described earlier (50) and as
follows: acidic stress (pH 5.5), oxidative stress (10 mM H2O2) in Sauton’s minimal medium, and nutrient
starvation stress in 1� PBS (51, 52). Each stress was given for 4 h. Each of the stress conditions was
performed 10 independent times. Each sample was checked for contamination using Ziehl-Neelsen (ZN)
staining. Four hours poststress, intracellular metabolites were extracted and subjected to untargeted
metabolomics using nuclear magnetic resonance (NMR) spectroscopy.

Extraction of intracellular metabolites. Intracellular metabolites from M. smegmatis cultures were
extracted using a modified version of a previously described extraction method (53). After 4 h of stress,
the OD600 was measured, and the cultures were harvested and quenched in liquid nitrogen. Subse-
quently, the cells were thawed on ice for 5 min and extracted with the methanol-chloroform method.
Briefly, 1 ml of methanol-chloroform (2:1) was added, along with 0.1-mm zirconia beads for 10 cycles with
an interval of 1 min on ice to lyse the cells. The clear cell lysate was collected by centrifugation at
1,000 rpm for 45 s. To this supernatant, 500 �l of water and 500 �l of chloroform were added and
vortexed for 30 s. The suspension was then centrifuged at 12,000 rpm for 30 min. The upper aqueous
layer and lower organic phase were collected in 1.5-ml vials. Samples were dried in a vacuum concen-
trator and resuspended in NMR buffer for analysis.

Sample preparation. The lyophilized polar samples were reconstituted by dissolving in 580 �l of
100% D2O NMR buffer (20 mM sodium phosphate [pH 7.4] containing 0.4 mM DSS [4,4-dimethyl-4-
silapentane-1-sulfonic acid]. The composition for 1 liter of PBS was 0.623 g Na2HPO4·H2O and 4.15 g
NaH2PO4·7H2O with the pH adjusted to 7.4. The samples were vortexed for 2 min at room temperature.
After centrifugation at 4,000 � g for 2 min, supernatants were transferred to 5-mm NMR tubes for NMR
analysis.

NMR spectroscopy analyses and metabolite identification. All the NMR data were measured at
298 K using a Bruker Avance III HD Ascend NMR spectrometer, equipped with a quad-channel (HCNP-D)
cryo-probe and pulsed-field gradients in the x, y, and z directions, operating at a proton frequency of
600.13 MHz. The water suppression pulse sequence noesygppr1d was used to record 1H-NMR spectra,
which uses water presaturation and spoiler gradients during the relaxation delay and is of the form
RD-G1-90°-t-90°-tm-G2-90°-ACQ, where RD is the relaxation delay of 5 s, t is a short delay typically of �3
�s, 90° represents a 90° RF pulse, tm is the mixing time of 100 ms, and ACQ is the data acquisition period.
For a given sample, a total of 64 transients were collected into 32,000 data points for each spectrum, with
a spectral width of 12 ppm. Pulse width, receiver gain, and water suppression parameters were kept
identical among all the 1H experiments recorded for various samples to rule out intensity variations while
recording the NMR data. For the 1H-1H total correlation spectroscopy (TOCSY) experiment (mixing time,
80 ms), a total of 2,048 � 1,024 data points with 40 transients per increment in the indirect dimension
were recorded, spanning a spectral width of 10 ppm, and free induction decays (FIDs) were weighted by
sine-bell function before Fourier transform, in both dimensions.

Spectra were processed and analyzed by using TopSpin (v3.5; Bruker). This includes automatic and
manual phase correction, spectra referencing, and baseline correction. The 1H chemical shift dimension
was directly referenced to the DSS (4, 4-dimethyl-4-silapentane-1-sulfonic acid) resonance. The distin-
guishing chemical shifts in the frequency domain that originated from the sets of spectral measurements
were allocated to particular metabolites. Metabolite resonances present in the respective 1H-NMR
spectrum (see Fig. S1a in the supplemental material) were identified and quantified using the Chenomx
NMR suite software (Chenomx, Inc.) by spectral deconvolution approach and confirmed with the
Biological Magnetic Resonance Data Bank (BMRB) database (54) and Human Metabolome Database
(HMDB) (55). Further confirmation of metabolites was achieved using two-dimensional (2D) total
correlation spectroscopy (TOCSY) (Fig. S1b) via the semiautomated software MetaboMiner (56). In all, 40
samples (10 replicates for each of the four conditions) containing �9,500 peaks, with an average of �237
peaks per sample, were analyzed. All the concentration data such obtained were exported to a
spreadsheet file in a matrix format for univariate and multivariate analyses.

Statistical analysis. To identify differential metabolites of M. smegmatis upon exposure to abiotic
stress conditions, univariate analysis (fold change and t test), multivariate analysis, and pathway analysis
were performed using the MetaboAnalyst online tool (57). The data matrix file containing metabolomics
data under different stresses was uploaded to MetaboAnalyst (https://www.metaboanalyst.ca/).

The data obtained for each condition were normalized against the respective number of cells at the
point of metabolite extraction. Each set of data was then preprocessed in the MetaboAnalyst site to
achieve normal distribution (i.e., they follow a Gaussian or “normal” distribution), and the methods
applied for each condition were briefly tabulated (Table S5). Such normalization is an essential prereq-
uisite for a reliable statistical analysis (57).

A heat map was generated using hierarchical clustering (Ward’s algorithm), with the dendrogram
being scaled to represent the distance between each branch (distance measure, Pearson’s correlation).
The color differences demonstrate the relative concentrations of metabolites across different conditions
and experiment groups. A fold change cutoff of �1.2 or �0.8, P value of �0.05, and false-discovery rate
(FDR) of �0.05 were considered significant (58–61). Variances of the measured values were considered
in the statistical analysis. Multivariate analyses, such as PCA and PLS-DA, were performed. The VIP score
plot obtained by PLS-DA identified the key metabolites responsible for group segregation. VIP is a
weighted sum of squares of the PLS weight, which indicates the importance of the variable to the entire
model. While variables with a VIP score of �1.0 are generally considered to be statistically significant (58,
61, 62), we considered a VIP score of �1 for identifying distinguishing metabolites in different stresses
compared to the control. Pathway analysis was also carried out using MetaboAnalyst tool. This software
identifies the most significantly perturbed pathways under specific experimental conditions by utilizing
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pathway enrichment and topology analysis. The pathway impact is calculated from the pathway-
topology analysis (33). We used the default “Global Test” and “Relative Betweenness Centrality” pathway
analysis algorithm. We considered the metabolic pathways with pathway impact values of �0.1, P value
of �0.05, and FDR of �0.05 to be perturbed significantly (20).

Protein structure homology modeling. The primary amino acid sequence of 2,4-dienoyl-CoA
reductase (M. smegmatis strain mc2155) MSMEG_5124 was obtained from Mycobrowser (63, 64) and
subjected to domain analysis tools to predict the conserved domains that were present. These include
MOTIF (https://www.genome.jp/tools/motif/) and SMART (http://smart.embl-heidelberg.de/). To further
confirm the catalytic site of 2,4-dienoyl-CoA reductase (M. smegmatis strain mc2155) MSMEG_5124, we
generated a model using SWISS-MODEL (a protein structure homology modeling server) (65) and
GENO3D (automatic modeling of three-dimensional protein structure) (66). The predicted protein
structure homology was checked by using Chimera version 1.10.2 and the PyMOL viewer.

RNA extraction and semiquantitative RT-PCR. RNA extraction was performed using the TRIzol
method, with minor modifications. After being subjected to stress, the samples were harvested at
3,500 rpm. The resultant pellet was snap-frozen in liquid nitrogen and stored at �80°C until further
processing for RNA. The pellet was resuspended in TRIzol reagent (Invitrogen, CA) along with 0.1-mm
glass beads and subjected to lysis by bead beating with a pulse on for 1 min and pulse off for 2 min on
ice. A final concentration of 200 �g/ml glycogen was added and the samples incubated for 10 min at
room temperature (RT). The samples were vortexed vigorously after adding chloroform and incubated at
RT for 10 min. The samples were centrifuged at 10,000 rpm and 4°C for 20 min. The upper aqueous layer
was collected. To the samples, 0.6 volumes of isopropanol along with 200 �g/ml glycogen were used to
precipitate RNA. The pellets were washed with 75% ethanol, air dried at RT, and dissolved in RNase-free
water (Qiagen, Hilden, Germany). Any residual DNA contamination was removed by DNase treatment
before reverse transcription of the RNA. This DNase-treated RNA was further reverse transcribed with
random hexamers as a primer to make cDNA using SuperScript III reverse transcriptase (Invitrogen).
RT-PCR was carried out with 1:10 diluted cDNA for 30 cycles with respective primers. The PCR cycling
parameters were (i) initial denaturation 95°C for 3 min, (ii) 30 amplification cycles (95°C for 15 s, annealing
temperature [as given in Table S6] for 20 s, and 72°C for 20 s), and (iii) final extension 72°C for 10 min.
A 1.5% agarose gel was used to visualize the RT-PCR product. All of the experiments were performed
more than three times.

Cloning, expression, and purification of MSMEG_5124. The ORF MSMEG_5124 (2,016 bp) was PCR
amplified from the genomic DNA of M. smegmatis (mc2155) using specific primers listed in Table S5 and
cloned into pET28a using the BamH1 and HindIII restriction sites. The clone, pET-MS_5124, was confirmed
by double digestion (Fig. S4a) and sequencing. E. coli BL-21/plysS was transformed with pET-MS_5124 for
overexpression and purification. E. coli BL-21/plysS transformed with pET-MS_5124 was induced with
0.5 mM isopropyl-�-D-thiogalactopyranoside (IPTG) for 5 h. Cells were harvested and checked for over-
expression. The histidine-tagged MSMEG_5124 was purified under native conditions using Talon (Clon-
tech), following the manufacturer’s instructions (Fig. S4b). The protein was eluted by using 150 to
200 mM imidazole. The eluted protein was dialyzed against 50 mM potassium phosphate buffer (pH 7.8)
with 5 mM �-mercaptoethanol.

Enzyme assay. Purified MSMEG_5124 (340 to 350 nM) was used in a 1-ml reaction mixture consisting
of reaction buffer (50 mM potassium phosphate [pH 7.8] with 150 mM NaCl), a substrate (either 20 mM
trimethylamine [TCI Chemicals] or 20 mM dimethylamine [TCI Chemicals]), and 2 mM NAD� (MP Biomedi-
cals). The reactions were carried out anaerobically by nitrogen purging. The assay for MSMEG_5124 was
carried as per the protocol used by McIntire (40), with slight modifications, where NAD� was used as an
electron acceptor instead of phenazine methosulfate (PMS). NAD� was used here as an indicator. The
conversion of NAD� to NADH was measured at 340 nm for an hour. Reactions without MSMEG_5124 or
substrates were used as controls. A standard plot of known concentrations of NADH was generated to
convert the absorbance values to the concentration of NADH generated during the reaction (Fig. S5). The
rate curve of the control reaction (MSMEG_5124 and 2 mM NAD� only) is shown along with the rate
curve of reaction (MSMEG_5124 and 2 mM NAD� with substrates).
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