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ABSTRACT Bacterial growth substrates influence a variety of biological functions, includ-
ing the biosynthesis and regulation of lipid intermediates. The extent of this rewiring is
not well understood nor has it been considered in the context of virally infected cells.
Here, we used a one-host-two-temperate phage model system to probe the combined
influence of growth substrate and phage infection on host carbon and lipid metabolism.
Using untargeted metabolomics and lipidomics, we reported the detection of a suite of
metabolites and lipid classes for two Sulfitobacter lysogens provided with three growth
substrates of differing complexity and nutrient composition (yeast extract/tryptone [com-
plex], glutamate and acetate). The growth medium led to dramatic differences in the de-
tectable intracellular metabolites, with only 15% of 175 measured metabolites showing
overlap across the three growth substrates. Between-strain differences were most evident
in the cultures grown on acetate, followed by glutamate then complex medium. Lipid
distribution profiles were also distinct between cultures grown on different substrates as
well as between the two lysogens grown in the same medium. Five phospholipids, three
aminolipid, and one class of unknown lipid-like features were identified. Most ($94%) of
these 75 lipids were quantifiable in all samples. Metabolite and lipid profiles were strongly
determined by growth medium composition and modestly by strain type. Because fluctu-
ations in availability and form of carbon substrates and nutrients, as well as virus pressure,
are common features of natural systems, the influence of these intersecting factors will
undoubtedly be imprinted in the metabolome and lipidome of resident bacteria.

IMPORTANCE Community-level metabolomics approaches are increasingly used to
characterize natural microbial populations. These approaches typically depend upon
temporal snapshots from which the status and function of communities are often
inferred. Such inferences are typically drawn from lab-based studies of select model
organisms raised under limited growth conditions. To better interpret community-
level data, the extent to which ecologically relevant bacteria demonstrate metabolic
flexibility requires elucidation. Herein, we used an environmentally relevant model
heterotrophic marine bacterium to assess the relationship between growth determi-
nants and metabolome. We also aimed to assess the contribution of phage activity
to the host metabolome. Striking differences in primary metabolite and lipid profiles
appeared to be driven primarily by growth regime and, secondarily, by phage type.
These findings demonstrated the malleable nature of metabolomes and lipidomes
and lay the foundation for future studies that relate cellular composition with func-
tion in complex environmental microbial communities.
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The macromolecular composition of bacterial cells is the product of both external and
internal factors. The concentrations and chemical forms of carbon and nutrients influ-

ence bacterial physiology in a strain-specific fashion. For instance, growth substrates affect
cellular growth rates, size, morphology, and other dynamic biological functions (1). The
processing of growth substrates through central metabolism (e.g., the tricarboxylic acid
[TCA] cycle) influences the synthesis and regulation of many important macromolecules,
including key lipid biosynthesis intermediates (1, 2). However, the extent to which sub-
strates and nutrients utilized for growth are directly related to cell lipid composition is not
fully understood. This knowledge gap presents challenges to the application of lab-based
studies of isolates to the interpretation of field-based measurements of natural microbial
populations.

Lipids are key constituents of bacterial cell membranes and are organized into a
few broad classes, including the common phospholipids phosphatidylethanolamine
(PE), phosphatidylglycerol (PG), cardiolipin (CL), phosphatidylcholine (PC), phosphati-
dylinositol (PI) and phosphatidylserine (PS) (3–6). Despite the diversity of phospholipid
head groups recognized among bacteria, a single key precursor to all of these mole-
cules is phosphatidic acid (PA) (7). Other lipid classes, such as aminolipids and other
phosphorus-free lipids (e.g., sulfoquinovosyldiacylglycerol [SQDG]) have been docu-
mented in diverse bacteria where they have been linked to environmental stress, most
notably phosphorus limitation ((8); reviewed in reference (9, 10)). Indeed, cellular lipid
composition can be viewed as an adaptive response. It is nonstatic and favors forms
that provide the necessary structural features for cells under specified environmental
conditions (9). Cellular modulation of lipid composition has been linked to tempera-
ture and pH as well as production and accumulation of metabolites and nutrient levels
(reviewed in references (9, 11)). Because lipid biosynthesis is intrinsically linked to cen-
tral metabolism, factors influencing central metabolism, including viral infection, may
also be expected to affect lipid composition.

Phage-dependent manipulation of bacterial host metabolic processes can occur
through redirection of pathway-specific mechanisms, including alterations in central
carbon metabolism, nucleotide, and/or lipid biosynthesis pathways (reviewed in refer-
ences (12–16)). In turn, central metabolism can influence phage infection. For example,
growth substrate has been shown to influence prophage induction (e.g., (17, 18)), indi-
cating that the host metabolic state can have a direct influence on the lysogenic-lytic
decision. Direct linkages between phage infection and host lipid composition provide
further insight into the varied fitness strategies employed by viruses. For instance, cya-
nophage-encoded auxiliary metabolic genes (AMGs), specifically fatty acid desaturases,
have been implicated in alterations to host cyanobacterial membrane fluidity, which
are suggested to lead to host photoprotection (19). While AMGs have been involved in
virus-mediated host metabolic remodeling, and their identification can lead research-
ers to specific, targeted pathways, the presence of such genes does not appear to be a
requirement for metabolic redirection. Furthermore, in the absence of obvious AMGs,
such redirections are not easily predictable from viral genetic signatures alone (20, 21).

Community-level metabolomics approaches are increasingly used to characterize
natural microbial populations (22). Current techniques are necessarily applied to dis-
crete samples representing ‘snap shots’ of dynamic communities from which the status
and function of these communities, or selected members within, are then inferred
(e.g., (23–25)). To facilitate the interpretation of community-level data, the extent to
which ecologically relevant bacteria demonstrate metabolome flexibility requires eluci-
dation. Herein, we used an environmentally relevant heterotrophic marine bacterium
of the Sulfitobacter genus to assess the influence of growth medium on primary metab-
olite and lipid composition. This bacterium is a representative of the Roseobacter line-
age, a dominant marine lineage whose members are active and abundant components
of microbial assemblages in diverse marine niches (26). Like most bacteria character-
ized to date (e.g., (27, 28)), this strain harbored a prophage. We also had a closely
related strain that harbored a genetically similar prophage but demonstrated a high
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rate of spontaneous prophage induction, that is activation of the lytic cycle in the ab-
sence of obvious stressors (29). These strains were analyzed in parallel to gain insight
into the influence of prophage induction, a common phenomenon in marine systems
(reviewed in reference (30)), on fundamental cellular processes.

RESULTS

The Sulfitobacter strains CB-A and CB-D utilized in this study are lysogenized with a
single temperate phage, U-A prophage or U-D prophage (here prophage-A or pro-
phage-D, respectively). These prophages shared an integration site in their host but
are incompatible within a single host. That is, only a single prophage genotype could
be stably maintained in this host strain. In addition, each lysogenized strain is suscepti-
ble to infection by the alternate phage genotype (29). CB-A was derived from an infec-
tion of CB-D with UA virions: prophage-A effectively replaced the original prophage-D.
The two prophages are integrated into the same site in both strains and share 79% nu-
cleotide identity (31, 32). The sequence variation between the two phages was local-
ized to two 3 to 4 kb regions which primarily encode genes of unknown function, but
also (i) tail fibers proteins, expected to be important for binding to host cell surface
receptors (33) and (ii) transcriptional regulators that may be involved in repression of
lytic genes during lysogeny. The putative transcriptional regulators encoded within
each phage bear little sequence homology to one another. Sequence identity at the
amino acid level was ,30% for all pairwise alignments. UD harbored 2 open reading
frames (ORFs) (SUFP_003; SUFP_050) that fell within the XRE transcriptional regulator
superfamily. Both contained an XRE-family helix-turn-helix domain but lacked the
LexA/signal peptidase superfamily domain common to other characterized phage
repressors within this family (34). UD also harbored an ORF (SUFP_063) with homology
to the single-stranded binding protein family whose members were involved in DNA
replication via binding of ssDNA at the primosome assembly site. UA also possessed
two ORFs that belong to the XRE-superfamily and lacked specific catalytic domains
(SUFA_030 and SUFA_031). While these proteins could be mapped to broad protein
families, it was not yet feasible to elucidate function based on these assignments.

Relevant to the present study was the observation that CB-A showed measurable
prophage induction not evident in CB-D when these strains were grown in a complex
medium. Prophage induction was readily assessed by quantifying the number of free
phages in the growth medium and can influence host growth dynamics as a fraction
of the population undergoes viral-mediated lysis (29). It was feasible that the prophage
provides some fitness advantage to their host as neither is lost by routine passaging in
the lab (unpublished data).

Here, we compared the metabolite and lipid profiles of each host-phage pair (CB-A
and CB-D) grown on different carbon sources. The three mediums utilized represented
a spectrum of the complexity of carbon substrates and nutrients, ranging from simple
to complex and inorganic to organic, respectively (acetate , glutamate , tryptone 1

yeast extract) (Table S1 and Materials and Methods).
Growth physiologies of strains were different across substrates. The growth of

both strains was most robust on the complex substrate, followed by glutamate then ace-
tate (Fig. 1A, C, and E). The strains used in these studies likely preferred the organic N pres-
ent in both the complex and glutamate medium over the inorganic form provided in the
base medium (20). Thus, the absence of an exogenous source of organic N in the acetate-
based medium may have contributed to the strains’ poor growth on this substrate. As
expected, when the strains were grown on the defined medium (containing either gluta-
mate or acetate) the cells were smaller relative to complex medium-grown cells (Fig. 1B, D,
and F; (35)). Free phages were present in all CB-A cultures but undetectable in the CB-D
cultures (Table S2). Only the acetate-grown cultures showed significant differences in
between-strain growth dynamics, presumably because of greater prophage induction in
CB-A (Table S2). By the final (24 h) time point, viable counts for CB-D were ;250% greater
than CB-A in acetate-grown cultures relative to the other treatments (Table S3). Cell size,
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FIG 1 Growth dynamics and cell size data for strains CB-D and CB-A provided (A) a complex medium (with yeast extract and tryptone), (C) a
defined medium (with glutamate as sole carbon source), and (E) a defined medium (with acetate as sole carbon source). Cell size was measured by
forward scattering through flow cytometry for cells grown with (B) complex, (D) glutamate-containing, and (F) acetate-containing medium. Final time
point average (with standard deviation) viable counts of each substrate per strain is as follows. Complex medium CB-A = 5.36 � 109 (6 5.11 � 108);
CB-D = 4.37 � 109 (6 4.9 � 108). Glutamate medium: CB-A = 1.54 � 109 (6 4.90 � 108); CB-D = 2.02 � 109 (6 7.16 � 108). Acetate medium: CB-
A = 2.85 � 108 (6 1.07 � 107); CB-D = 1.02 � 109 (6 6.85 � 108). Significant differences in cell size (Student’s t tests) are denoted by asterisks
(*, P , 0.05). Averages of biological replicates are reported for all treatments (n = 3 for complex medium grown cells; n = 5 in glutamate and
acetate grown cells). Plating was done in technical replicates. Arrows denote time points at which samples were taken from each medium type.
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estimated by forward side scatter, revealed significantly larger CB-D cells relative to CB-A
cells for glutamate-grown cells (Fig. 1B). No differences were evident between the strains
reared on the other two substrates (Fig. 1D and F).

The diversity of detected metabolites varied strongly with the growth sub-
strate. All cultures were sampled for metabolomics and lipidomics analyses at four discrete
time points throughout the growth curve. Using ultra-high-performance liquid chromatog-
raphy-high resolution mass spectrometry (UHPLC-HRMS) based on untargeted metabolo-
mics, a total of 175 central carbon metabolites were identified across all samples, with only
27 (15%) detected in all growth conditions (Fig. 2A). The greatest number of metabolites
were detected in glutamate-grown cells (127 of the identified metabolites; 73%). Complex-
grown cells and acetate-grown cells had similar numbers of detectable metabolites (75 and
72 identified metabolites, respectively;;40%). There was some overlap of individual metab-
olites that were detected in cultures grown on these two substrates (31 metabolites), but
more overlap was evident with glutamate-grown cells and either complex-or acetate-grown
cells (40 and 63 metabolites, respectively). Partial least-squares discriminant analysis (PLS-
DA) showed strong separation of samples by growth substrate, with little to no difference
between strains (Fig. 3). Where evident, between-strain variation was greatest at discrete
time points. For example, for both glutamate- and acetate-grown cultures, the greatest
number of significant differences (fold difference .1.5 and P , 0.05) was observed at 10 h
postinoculation (57% of metabolites for glutamate, 47% of metabolites for acetate). These
between-strain differences in metabolite profiles diminished by the final sampling time
point, but still comprised a third of measurable metabolites in the acetate-grown cultures
(8% and 31% for glutamate- and acetate-grown cells) (Fig. S1A). The greatest difference in
metabolite profiles for complex-grown cultures was 5% at 21 h.

Lipid profiles varied with growth substrate and strain. A total of 75 lipids from
nine lipid classes were identified across all samples via UHPLC-HRMS-based untargeted lipi-
domics. Five phospholipid classes (phosphatidic acid [PA], phosphatidylethanolamine [PE],
phosphatidylcholine [PC], phosphatidylglycerol [PG], and acyl-phosphatidylglycerol [APG]),
three aminolipid classes (AL; lysine lipid [KL], ornithine lipid [OL], and glutamine lipid [QL])
and one class of Unknown lipid-like features (Unk) were detected. The lipid classes identi-
fied in this study were the same major (PC, PG, PE) and minor (APG, AL) classes found in
other characterized Sulfitobacter species reared in a complex medium (Marine Broth 2216)
(36). The presence of an unidentified lipid class in our strains is consistent with findings in
other sulfitobacters (36). However, the methods of lipid identification employed (TLC ver-
sus UHPLC-HRMS) limit direct comparisons. A common bacterial phospholipid class, cardio-
lipin, has been reported as a minor lipid in roseobacters, including Sulfitobacter species
(37). This lipid was not detected in our strains, likely because it is either not found in these
strains or is present at levels below the limit of detection of the assay.

Unlike the metabolite profiles, most of these lipids (94 to 97%) were detected in all sam-
ples, regardless of growth medium or strain type (Fig. 2B). Thus, the differences between
these profiles were principally due to alterations in the relative abundance of specific lipids.
While the samples were principally clustered by growth substrate (Fig. 3), greater variation
between strains raised on either glutamate or acetate was evident among these lipid pro-
files. For example, upwards of 45% of lipids showed significantly different distributions
between the two strains grown on acetate (at 24 h), and 63% of lipids varied between the
strains when grown on glutamate (at 18 h). In contrast,#8% of lipids were significantly dif-
ferent between the strains when grown on a complex medium (all time points) (Fig. S1B).
Regardless of the growth substrate, significant changes were observed within the phos-
pholipid profiles over time. When grown on complex media, the ratio of PG to the total
phospholipids detected generally increased with time for both strains, while the ratio of PE
to total phospholipids decreased. However, acetate-grown cells demonstrated the oppo-
site trend. Glutamate-grown cells showed the ratio of PG increasing over time for CB-D,
however, a consistent trend was not observed for CB-A. (Fig. 4). In addition to the obvious
variation between growth substrates and temporal changes, a subset of lipid classes that
showed significant variation between the two strains were the aminolipids.
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FIG 2 Metabolomics (A) and lipidomics (B) analysis of complex, glutamate, and acetate grown cells. Heat maps display fold differences
between strains CB-D and CB-A over time. Significant differences are denoted by asterisks (*, P , 0.1; **, P , 0.05; ***, P , 0.01). Crossed
boxes denote metabolites or lipids detected in only one strain, indicated by the color. Averages of biological replicates are reported for all
treatments (n = 3 for complex medium grown cells; n = 5 in glutamate and acetate grown cells).
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Presence of aminolipids correlated with carbon substrate. Ornithine (OL) and glu-
tamine lipids (QL) have been previously characterized in Rhodobacter sphaeroides, an orga-
nism belonging to the same Rhodobacteraceae family as our host strain (38). Here, the
identification of AL, determined through exact mass and proposed structures, was con-
firmed using all ion fragmentation (Fig. 5G and H) (39). The MS-based identification of
these lipids is supported by genome analyses that indicated both strains possess homologs
of genes previously shown to be essential for OL and QL biosynthesis in Silicibacter pomer-
oyi DSS-3, a close relative of sulfitobacters (Fig. 5I).

Of these lipids, a single glutamine lipid (QL 34:2), seven ornithine lipids (OL), and four ly-
sine lipids (KL) were detected, with significant differences between strains when grown on
glutamate or acetate (Fig. 5 and Fig. S2). Complex medium-grown cells showed relatively
constant OL abundance over time (Fig. 5A). In contrast, in glutamate- and acetate-grown
cultures, OL generally increased over time (Fig. 5B and C). In complex medium-grown cells,
QL (34:2) was detected with decreasing abundance over time (Fig. 5D), but with increasing
abundance over time in glutamate- and acetate-grown cells (Fig. 5E and F). Additionally,
OL and QL were detected with significantly higher abundance for CB-D than CB-A in

FIG 3 Partial least-squares discriminant analysis (PLS-DA) of strains CB-D and CB-A metabolites (A)
and lipids (B). The following color scheme was used to denote samples: pink circles, acetate grown
CB-A cells; green circles, acetate grown CB-D cells; dark blue circles, complex medium grown CB-A
cells; light blue circles, complex medium grown CB-D grown cells; purple circles, glutamate grown
CB-A cells; yellow circles, glutamate grown CB-D cells. All biological replicates are reported for all
treatments (n = 3 for complex medium grown cells; n = 5 in glutamate and acetate grown cells).
APG, acyl-phosphatidylglycerol.
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glutamate-grown cells at 0, 18, and 24 hand acetate-grown cells (all time points) (Fig. 5B, C,
E, and F). In contrast, no KL was detected in glutamate-grown CB-A cells (Fig. S2) but
followed a similar trend as OL and QL in acetate-grown cells with significantly higher abun-
dance for CB-D than CB-A at 10, 18, and 24 h. In complex medium-grown cells, no differ-
ence in KL was evident between the strains, and abundance remained more constant until
21 h when an increase was observed.

Detection of an abundant but unidentified lipid class. In addition to the afore-
mentioned phospholipids and aminolipids, a class of unidentified spectral features
with characteristics of lipids (subsequently termed “unidentified lipid class”) was
detected in both CB-D and CB-A. This unidentified lipid class was highly abundant in
glutamate- and acetate-grown cells. This lipid class was most abundant at the first sam-
pling time point (0 h; immediately the following subculture), with the ratio of this lipid
class to the total detected lipids reaching values of ;35% in glutamate-grown cultures
of both strains and 52% and 56% in acetate-grown CB-D and CB-A cultures, respec-
tively (Fig. S3). This lipid class remained highly abundant with the lowest ratios reach-
ing values of ;20% for CB-D and CB-A grown on glutamate (18 h), and 40% for CB-D
(24 h) and 33% for CB-A (10 h) when grown on acetate (Fig. S3). However, this lipid
class was not as abundant in the complex medium-grown cultures of either strain,
with ratios of only 3% at 0 h, and a maximum ratio of ;13% at 21 h (Fig. S3). This
unknown lipid class displayed significant differences between strains grown on either
of the defined carbon substrate conditions, but not on the complex medium (Fig. 2B),
with the most significant differences in glutamate-grown cells. Between-strain differen-
ces in glutamate were $60% at all time points, except 10 h at which only 10% of fea-
tures were significantly different (Fig. 2B). Acetate-grown cells showed less deviation
throughout the growth curve, but had dramatic differences (70% of this class of fea-
tures) at 24 h (Fig. 2B).

To gain a better understanding of these features, relative abundances of mass spectral
isotope peaks were compared to the natural abundance of carbon-13 (1.1%). The mass-to-
charge (m/z) ratios for these features ranged from 702.4363 to 816.5776 m/z (65 ppm),
with the most abundant species at 802.5621 m/z, all in negative ionization mode for the
[M-H]-ion. The corresponding masses for the [M1H]1 ion were detected using positive ion-
ization mode. From these observed masses, using the nitrogen rule, it was suggested that
the lipid-like features contained an odd number of nitrogen atoms. To gain further under-
standing of this class of features, further fragmentation experiments were performed using
a Q Exactive quadrupole-orbitrap hybrid mass spectrometer. Using Fiehn’s seven golden
rules (40), 137 potential molecular formulae were determined for the most abundant fea-
ture (802.5621 m/z), containing carbon, hydrogen, nitrogen, oxygen, phosphorus, or sulfur.

FIG 4 Pie charts display relative proportions of the major phospholipid concentrations in strains CB-D and CB-A
for each time point and substrate. Temporal samplings were at 0, 4, 8, and 21 h for complex medium-grown
cells and 0, 10, 18, and 24 h for defined medium with either glutamate or acetate as the sole carbon source.
Phospholipid concentrations were determined using external calibration curves for phosphatidic acid (PA),
phosphatidylcholine (PC), phosphatidylethanolamine (PE), and phosphatidylglycerol (PG). Averages of biological
replicates are reported for all treatments (n = 3 for complex medium grown cells; n = 5 in glutamate and acetate
grown cells) and were within 2 standard deviations. Pie charts displaying relative ion counts for all detected lipid
classes are included in Fig. S3.
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These features were compared with online lipid databases, including LipidMaps (41), but
currently elude identification.

DISCUSSION

The ability of bacteria to modulate the lipid composition of their cellular membranes is
a common adaptive mechanism to environmental fluctuations. From a biogeochemical
standpoint, much of the existing knowledge regarding factors influencing lipid composi-
tion in marine bacteria focuses on the role of phosphorus (P) availability, revealing the
widespread capacity for marine microbes to remodel their membrane lipids in response to

FIG 5 Aminolipids in strains CB-A and CB-D. Ornithine lipid (OL) and glutamate lipid (QL) for CB-D (blue) and CB-A (orange) grown on complex (A and D),
glutamate (B and E), or acetate (C and F) mediums. Significant differences are denoted by asterisks (*, P , 0.1; **, P , 0.05; ***, P , 0.01). Averages of
biological replicates are reported for all treatments (n = 3 for complex medium-grown cells; n = 5 in glutamate and acetate-grown cells). Structures of
ornithine lipid (OL) (G) and glutamate lipid (QL) (H), with respective retention times. OL and QL biosynthesis gene organization in strains CB-D and CB-A.
NCBI accession numbers are provided in parentheses. Strain CB-D (CP072613) has 3672 ORFs, while CB-A (PYUG00000000) has 3459 ORFs. (I) i, GNAT family
N-acetyltransferase (WP 037944303.1), ii, 1-acyl-sn-glycerol-3-phosphate acyltransferase (WP 037944304.1); iii, ATP-binding cassette domain-containing
protein (WP 037944390.1); iv, ornithine-acyl-ACP acyltransferase (PTA99994); v, outer membrane protein assembly factor BamE (WP 037944392).
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starvation of this element (e.g., (42, 43)). However, lipid biosynthesis is intrinsically linked
to, and dependent on, central metabolism. The latter of which operates on a shorter time-
scale than the former (44, 45). As such, the role of primary growth substrates can be pre-
dicted to be a critical factor in shaping cellular lipid composition. Here, we sought to obtain
a more holistic picture of the relationship between growth regimes, metabolism, and lipid
composition in a representative heterotrophic marine bacterium of the Roseobacter clade
of marine bacteria. A secondary goal was to assess the contribution of phage activity to
the host cell metabolome and lipidome. To this end, we compared two genetically similar
host-phage pairs, with different intrinsic levels of spontaneous induction (i.e., CB-A cultures
produce measurable free phage particles in the absence of obvious stressors, CB-D does
not; 33). Disentangling responses due to growth conditions, host physiology, and viral ac-
tivity is difficult due to interdependencies. Nonetheless, the data presented here reveal
stark differences in metabolite and lipid profiles which appear to be driven principally by
growth regime and secondarily by prophage type.

Sulfitobacter metabolite profiles were better defined by growth conditions than strain-
prophage pair. Across the three mediums, there was little (15%) overlap in the metabolites
that were detected and identified. This is comparable to a study in Pseudomonas aerugi-
nosa, in which only 40% of 145 detectable metabolites were found across all strains raised
on six distinct carbon substrates (46). The strains grown on glutamate had the greatest
number of detectable metabolites, 69% more than the strains grown on complex or ace-
tate-containing media. Glutamate represents a major metabolite hub in many organisms.
Beyond its involvement in protein synthesis, glutamate plays a central role in nitrogen
assimilation, nucleoside, amino, and cofactor biosynthesis as well as the production of sec-
ondary metabolites. Furthermore, it has been reported as the most abundant of the water-
soluble small metabolites in bacteria (20, 47). The high diversity of quantifiable metabolites
in strains grown on this compound may reflect the diversity of metabolite pathways that
this organism employs when given this compound as a primary growth substrate. A high
concentration of glutamate may enable cells to more readily connect diverse pathways
and direct this central metabolite into numerous anabolic and catabolic processes.

Metabolome differences between Sulfitobacter strains raised under the same growth
conditions were evident and most pronounced in glutamate- and acetate-grown cultures.
The overwhelming majority of these differences were the result of an increase in a given
metabolite in the CB-A cells relative to CB-D. This finding is consistent with earlier studies
in the same Sulfitobacter host strain that revealed a generalized increase in host metabolic
activity (and in turn most measurable metabolites) in response to an obligately lytic viral
infection. The increased metabolic demand in these cells was met by the recycling of
metabolites released into the environment by lysed siblings (20). A similar scenario is likely
in those CB-A cultures with spontaneous induction leading to some cell lysis and resulting
in a more diverse pool of carbon and nutrient sources available to the majority of surviving
cells. While this could be expected to contribute to the observed between-strain metabo-
lite and lipid differences, it is worth noting that no significant growth differences were
observed between the two strains when grown on glutamate, strongly suggesting that
only a small fraction of cells were undergoing lysis. Obtaining more definitive information
on the proportion of the population that succumbs to lysis during induction on the differ-
ent mediums would help elucidate the contribution of lysed cell constituents to the
observed metabolite and lipid profiles.

The lipid profiles support the metabolite data in that strains can be discriminated
by growth medium and strain-phage pairs. Unlike the metabolite profiles, nearly all
detected lipids were present across all samples. Mirroring the metabolite profiling,
strain level differences were not strongly apparent in complex medium-grown cultures,
but significant between strains grown on either of the defined media, resulting in
upwards of 50% and 60% variation in lipid profiles between the strains when grown
on acetate and glutamate, respectively. The observed variation was noted in both the
overall composition of the lipid classes as well as in the composition of the acyl moi-
eties. Temporal variation in lipid profiles for batch-grown cultures is expected and
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anticipated to be the result of changing environmental conditions that occur in a
closed system (e.g., changes in nutrient concentrations, accumulation of metabolite
waste products, alterations in oxygen levels) (9). As such, we caution against drawing
summative conclusions regarding the temporal variation evident in these lipid profiles
but do note the observed variation demonstrates flexibility in lipid composition in
these strains that should be taken into consideration in future experiments to charac-
terize lipid composition in these and related strains.

The most striking difference in lipid composition across medium types occurred within
two major phospholipid classes: PE and PG. These two lipid classes typically co-occurred in
diverse bacteria. Molecular simulations suggested interactions between the two influenced
membrane integrity; increases in PG relative to PE are predicted to increase membrane sta-
bility and decrease membrane permeability (48). We observed that PE was the dominant
phospholipid in complex medium-grown cells whereas PG dominated in the glutamate-
and acetate-grown cells, suggestive of a fundamentally different membrane architecture
when these strains were grown on defined versus complex media. Given common param-
eters influencing lipid composition in bacteria were held static across the medium types
(i.e., pH, salinity, and temperature), we interpreted the differences were due to other com-
ponents of the medium, namely, the primary growth substrate(s) and/or nutrients. This
contrasted with studies in the nonmarine bacterium, E. coli, which indicated no significant
difference in phospholipid composition in strains grown on a complex versus minimal me-
dium (49). However, it has been noted that the membrane composition in E. coli is simple
in comparison to many other bacteria species (9), which highlights the danger of using any
single bacterium as a model for lipid membrane composition. These observations also cor-
roborate previous work indicating that bacterial membranes are diverse in composition
and that alterations in lipid profiles are a necessary adaptive response to environmental
alterations (9).

Between-strain differences in lipid profiles were most evident in the ornithine (OL)
and glutamine (QL) lipid classes and strains were grown on glutamate and acetate. The
general trend was an increased abundance of these ALs in CB-D relative to CB-A, the
strain with detectable prophage induction. It has been proposed that OL may lead to
enhanced membrane stability (reviewed in reference (50)), and this lipid is required for
optimal c-type cytochrome function in the alpha-Proteobacterium Rhodobacter capsu-
latus, where it has a role in managing oxidative stress (51). In addition, OL is overrepre-
sented in the lipids of planktonic cells relative to their biofilm-grown siblings in the
marine bacterium Pseudoalteromonas lipolytica, suggesting a role for this class of lipids
in growth modality (11). While our results indicated nutrient concentration and pro-
phage induction were discrete effectors of lipid composition, they most likely also had
a combined influence. It was unclear whether these effects were direct (i.e., via meta-
bolic routing tied to nutrient sources), indirect (i.e., a general stress response to the
profile of available nutrients and/or lytic infection) or a combination of the two.
Nonetheless, given evidence that lipid composition can have broad-range effects on
cellular physiology, including enhancing susceptibility to environmental stress (49), it
is feasible that the lipid composition of CB-A results from positive feedback between
distinct cellular stressors mediated by phospholipid-dependent and phage-mediated
processes in this strain. Finally, in an unexpected finding, a highly significant, and
abundant (upwards of 50% of the total lipids in CB-A cultures grown on acetate) lipid-
like class of spectral features was detected. As with the aminolipids, these features dis-
played notable differences between strains raised on the same growth medium. As
such, these features are of particular interest for future study.

The bacterial metabolome comprises only a small fraction of the total cellular dry
weight (;3%), and this collection of molecules primarily exists to provide energy and
building blocks for macromolecular biosynthesis (47). Bacterial metabolism is highly re-
sponsive to substrate and nutrient availability, but it is also known to be influenced by
viral infection. However, these forces were not unidirectional: viral infection is sensitive
and responsive to cellular metabolism (e.g., (52)) as it is often wholly dependent upon
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the host cell processes to produce viral progeny. Because both nutrient fluctuations
and virus pressure are common features of most natural ecosystems, including the
coastal oceans where roseobacters dominate, the physiologies of resident bacteria are
anticipated to be shaped by these intersecting factors. The metabolic and lipid profil-
ing presented here provided a first look at the complexity of these interactions and
laid the foundation for future studies that relate cellular composition with function.

MATERIALS ANDMETHODS
Bacterial propagation in different growth conditions. Sulfitobacter sp. strains CB-A and C-D (for-

merly Sulfitobacter sp. strain CB2047; 33) were inoculated and incubated overnight in 10 mL cultures at 25°C
at 200 rpm. Strains were grown in Standard Marine Media (SMM, here referred to as complex) (4.1 M NaCl;
950 mM KCl; 700 mM CaCl2; 20 mM H3BO3; 2.1 mM MgSO4 [7H2O]; 2.0 M MgCl2; 1.0 M Tris [Tris-HCl and Tris-
Base; pH 7.5]; 800 mM NaHCO3; 5.0 M NH4Cl; 150 mM K2HPO4. 1.125 g yeast extract, 2 g tryptone, Fe, vitamins
and minerals (53)), or Roseobacter Marine Media (RMM) (4 M NaCl; 0.2 M KCl; 0.2MCaCl2; 1.0 M MgSO4

[7H2O]; 1.0 M Tris-HCl [pH 7.5]; 0.5 M NH4Cl; 50 mM K2HPO4, Fe, vitamins and minerals (53)) supplemented
with either (4 mM L-glutamic acid [glutamate], or 10 mM sodium acetate [acetate]). The concentrations of ac-
etate and glutamate contained comparable amounts of carbon. There was variation in the nitrogen (N) and
phosphorus (P) provided in the media. Inorganic N, as ammonium chloride, was supplied in all media.
Organic N was available in both the complex and glutamate-containing media. Organic carbon in the com-
plex medium was 8.55 times greater (171 mM) than either the glutamate or acetate-containing medium
(both supplied at 20 mM). Combining organic and inorganic N sources, the complex medium (at 27 mM N)
had 1.6 or 2.2 times greater total N than either the glutamate (14 mM) or acetate (10 mM) media, respec-
tively. The C:N ratio for the three mediums ranged from 1.4 to 6.3 (glutamate to complex) (Table S1). In our
experiments, P was provided in nonlimiting concentrations. Inorganic P was provided as 1 mM potassium
phosphate, a nonlimiting concentration for roseobacters (39), in all media. Organic P was only available in
the complex medium, as a component of both tryptone and yeast extract.

Overnight cultures (10 mL) of strains preconditioned on the medium type were subcultured into
200 mL volumes of fresh medium in 500 mL flasks (OD540 � 0.17). Aliquots were immediately taken and
indicated as “0 h” samples. Growth was monitored by OD540 every 2 h for 24 h. We note that the growth
dynamics of the strains in large volume flasks differed from prior reports (29) in 10 mL test tubes.
However, the induction phenotype remains consistent (i.e., CB-A produced measurable infectious par-
ticles in noninducing conditions while CB-D did not).

Sampling methodology. Aliquots were taken for metabolite and lipid analysis, as well as viable counts
and spontaneous prophage induction, were taken at 0, 4, 8, and 21 h for complex grown cells and 0, 10, 18,
and 24 h for glutamate and acetate grown cells as follows. For metabolite analysis, 5 mL of bacterial cells
were rapidly collected (,30 sec) on Magna nylon filters (Millipore) via vacuum filtration and immediately
placed in extraction solvent to quench metabolism (see subsequent section). For lipid analysis, 5 mL of bacte-
rial cells were centrifuged at 4,000 rpm for 5 min at 4°C. This process pelleted cells but not free viruses. Lipids
were extracted from pelleted cells within an hour of collection. For phage enumeration, 1 mL of bacterial cul-
ture was filtered through a 0.22 mm syringe filter and the cell-free medium was assayed as described below.
For viable counts, 1 mL of bacterial culture was taken for serial dilutions, plating 1025, 1026, and 1027 dilu-
tions onto complex medium agar plates, in technical triplicate.

Metabolite data collection and analysis. Water-soluble metabolites were extracted from filtered
samples using 4:4:2 acetonitrile:methanol:water with 0.1 M formic acid as previously described (54).
Analysis of the extracted metabolites was carried out using UHPLC-HRMS (Thermo Scientific, San Jose,
CA, USA) with a previously validated untargeted metabolomics method (55). The metabolites were sepa-
rated using reversed-phase chromatography utilizing a Synergi Hydro RP column (100mmx 2.1 mm,
2.6 mm, 100 Å; Phenomenex, Torrance, CA) and an UltiMate 3000 pump (Thermo Scientific). All solvents
used were HPLC grade. An Exactive Plus Orbitrap MS (Thermo Scientific) was used for the full scan mass
analysis. For the glutamate- and acetate-grown cells, each biological replicate was analyzed by UHPLC-
HRMS in triplicate. Following the mass analysis, metabolites were identified by exact mass and retention
time from an in-house standard library using the open-source software package, Metabolomics Analysis
and Visualization Engine (MAVEN) (56, 57). The area under the curve (AUC) was integrated and normal-
ized to cell density (optical density at 450 nm [OD540]) to obtain per cell metabolite abundances. It was
confirmed that the relationship between OD and viable cells is similar for the two strains within a given
medium type. Ratios of these values from each strain at a given time point and growth condition were
used to determine relative concentrations of metabolites.

Lipid data collection and analysis. Lipids were extracted from cell pellets using 15:15:5:1:0.18 95%
ethanol, water, diethyl ether, pyridine, and 4.2 N ammonium hydroxide followed by water-saturated buta-
nol extraction according to the protocol for glycerophospholipids and sphingolipids described previously
(58). The extracted lipids were dried under a steady stream of nitrogen and resuspended in 300mL of a 9:1
ratio of methanol:chloroform before UHPLC-HRMS analysis. Extracted lipids were analyzed by UHPLC-
HRMS using an established untargeted lipidomics method (59). The chromatographic separations were
performed using a Kinetex HILIC column (150 mm � 2.1 mm, 2.6 mm, 100 Å; Phenomenex) and an
UltiMate 3000 pump (Thermo Scientific). The full scan mass analysis was carried out in both positive and
negative ionization modes with an Exactive Plus Orbitrap MS (Thermo Scientific). Glutamate- and acetate-
grown cells were analyzed in triplicate by UHPLC-HRMS. The phospholipids were then identified by exact
mass and retention time by comparison to an in-house standard library using MAVEN. Aminolipids were
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also identified by exact mass using MAVEN. Aminolipids were confirmed using isotopic patterns as well as
fragmentation data gathered by all ion fragmentation utilizing high energy collision dissociation (HCD).
Aminolipids KL, OL, and QL were detected at retention times of 10.7, 10.6, and 2.5 min, respectively.
Statistical analyses were performed on the OD normalized AUC as done for the metabolite analysis.

Phage enumeration. Filter-sterilized (cell-free) spent culture medium was quantified for infectious
phage particles using a standard plaque assay (60). Briefly, 500 mL of susceptible host cultures (OD540 �
0.17) was added to 3 mL top (0.55% to 0.60%) Noble agar aliquots and poured on agar base plates.
Once the top agar dried, 10 mL of cell-free spent medium 10-fold serial dilutions were spotted in techni-
cal triplicate. The schematic included medium-only negative controls. Plates were incubated at room
temperature, and zones of the clearing were observed 24 to 48 h after plating.

Statistical analysis. Heatmaps were prepared using the R statistical program (version 3.5.1). Fold differ-
ences were log2 transformed. Partial least-squares discriminant analysis (PLS-DA) was performed using
MetaboAnalyst 4.0 (61). Before PLS-DA, data were filtered using interquartile range (IQR), log2 transformed,
and Pareto scaled. PLS-DA was used to determine the relationship between two matrices to visualize differen-
ces between organism groups and substrates. The JGI Integrated Microbial Genomes (IMG) portal (img.jgi
.doe.gov) was used to search for the OL and QL biosynthesis gene organization in the Sulfitobacter sp. strains
CB-D (CP072613; 3672 ORFs) and CB-A genome (PYUG00000000; 3459 ORFs).

Data availability. The raw MS data are available at the MetaboLights database (https://www.ebi.ac
.uk/metabolights/) under study identifier MTBLS5345.
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