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ABSTRACT Various intracellular bacterial symbionts that provide their host with essential nutrients have much-reduced genomes, attributed largely to genomic decay
and relaxed selection. To obtain quantitative estimates of the metabolic function of
these bacteria, we reconstructed genome- and transcriptome-informed metabolic
models of three xylem-feeding insects that bear two bacterial symbionts with complementary metabolic functions: a primary symbiont, Sulcia, that has codiversiﬁed
with the insects, and a coprimary symbiont of distinct taxonomic origin and with
different degrees of genome reduction in each insect species (Hodgkinia in a cicada,
Baumannia in a sharpshooter, and Sodalis in a spittlebug). Our simulations reveal extensive bidirectional ﬂux of multiple metabolites between each symbiont and the
host, but near-complete metabolic segregation (i.e., near absence of metabolic crossfeeding) between the two symbionts, a likely mode of host control over symbiont
metabolism. Genome reduction of the symbionts is associated with an increased
number of host metabolic inputs to the symbiont and also reduced metabolic cost
to the host. In particular, Sulcia and Hodgkinia with genomes of ⱕ0.3 Mb are calculated to recycle ⬃30 to 80% of host-derived nitrogen to essential amino acids returned to the host, while Baumannia and Sodalis with genomes of ⱖ0.6 Mb recycle
10 to 15% of host nitrogen. We hypothesize that genome reduction of symbionts
may be driven by selection for increased host control and reduced host costs, as
well as by the stochastic process of genomic decay and relaxed selection.
IMPORTANCE Current understanding of many animal-microbial symbioses involving

unculturable bacterial symbionts with much-reduced genomes derives almost entirely from nonquantitative inferences from genome data. To overcome this limitation, we reconstructed multipartner metabolic models that quantify both the metabolic ﬂuxes within and between three xylem-feeding insects and their bacterial
symbionts. This revealed near-complete metabolic segregation between cooccurring
bacterial symbionts, despite extensive metabolite exchange between each symbiont
and the host, suggestive of strict host controls over the metabolism of its symbionts.
We extended the model analysis to investigate metabolic costs. The positive relationship between symbiont genome size and the metabolic cost incurred by the
host points to ﬁtness beneﬁts to the host of bearing symbionts with small genomes.
The multicompartment metabolic models developed here can be applied to other
symbioses that are not readily tractable to experimental approaches.
KEYWORDS constraint-based modeling, ﬂux balance analysis, nitrogen recycling,

symbiosis, xylem-feeding insects
he genome size of bacteria varies more than 50-fold from ⬍0.2 to 12 Mb (1). This
variation is largely representative of genetic capacity for function because the great
majority of bacterial genomes are gene dense, with protein-coding regions accounting
for 85 to 90% of the genome. Multiple factors inﬂuence bacterial genome size,
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including spatiotemporal variability in environmental conditions, nutrient availability,
biotic interactions, and effective population size (1–4). Some of the bacteria with the
tiniest genomes are intracellular bacterial symbionts in insects, and this trait is attributed largely to genomic decay arising from the vertical transmission of very small
numbers of bacterial cells from the mother insect to her offspring (5, 6). Runaway
genome reduction of these bacteria is countered by selection for metabolic function,
speciﬁcally the synthesis of nutrients required by the insect host, and selection for
reduced maintenance costs can also contribute to genome reduction (7). The most
persuasive evidence for selection of small genome size comes from studies of freeliving bacteria with large effective population size in low-nutrient environments (4, 8),
but the possibility that small genome size may also be adaptive for insect endosymbionts has been raised (5, 9–11). Symbiont maintenance costs can be substantial
because intracellular bacteria derive all their requirements from the surrounding host
cell, consuming host nutrients that could otherwise have been utilized for host growth
and reproduction. For example, the symbiont Buchnera in aphids is a major nutritional
sink, estimated to consume 11 times more nitrogen than it provides to the insect host
(12). However, the magnitude of these costs has never been quantiﬁed.
In this study, we investigated how the metabolic cost to the host of maintaining
bacterial symbionts may vary with the genome size of the bacteria. We focused on
xylem sap-feeding insects, which derive key nutrients (speciﬁcally, 10 essential amino
acids and one or more B vitamins) from bacterial symbionts that are localized to
specialized cells (bacteriocytes) and are transmitted vertically via the ovary of the
female insect (13, 14). These associations are ideally suited to our purpose because, ﬁrst,
xylem sap is an extraordinarily nutrient-poor diet (15–17) exerting strong selection for
metabolic efﬁciency in the insect symbiosis and, second, the genome size of the
symbionts varies ⬎10-fold, from 0.15 to 1.66 Mb in different xylem-feeding insects (5).
Intriguingly, the nutritional function of these symbioses is partitioned between two
bacteria, known as the primary symbiont and coprimary symbiont (18, 19). This
condition is predicted to impose additional costs on the host, which has to support the
nutritional requirements of two symbionts that mediate the same function as a single
symbiont in other associations (11).
We studied three xylem-feeding insects: the spittlebug Philaenus spumarius, the
sharpshooter Graphocephala coccinea, and the cicada Neotibicen canicularis. These
insects possess the primary symbiont Sulcia muelleri (Bacteroidetes [henceforth referred
to as Sulcia]), which produces 7 or 8 essential amino acids (20), and different coprimary
symbionts that produce the complementary set of 3 or 2 essential amino acids and one
or more B vitamins: Hodgkinia cicadicola (alphaproteobacterium [henceforth Hodgkinia]) in cicadas (21), Baumannia cicadellinicola (gammaproteobacterium [henceforth
Baumannia]) in sharpshooters (14), and a bacterium allied to Sodalis glossinidius
(gammaproteobacterium [henceforth Sodalis]) in spittlebugs of the tribe Philaeninae (22). The origin of these associations has been dated provisionally to 260 to 280
million years ago (mya) for Sulcia (20), ⬃190 mya for Hodgkinia in cicadas (21), ⬃80
mya for Baumannia in sharpshooters (23), and more recently for Sodalis in philaenine spittlebugs (22).
We hypothesized that the cost to the insect host of maintaining the bacteria may be
reduced by metabolic efﬁciencies of the symbioses, including limited overlap between
the metabolic outputs from the primary and coprimary symbionts and efﬁcient bacterial recycling of host-derived nitrogenous compounds to essential amino acids returned
to the host, and that these metabolic traits would be particularly evident in symbioses
with more ancient coprimary symbionts with very small genomes. To test these
predictions, we applied metabolic modeling techniques, which provide quantitative
predictions of metabolic ﬂux within individual partners, as well as between the bacteria
and the insect host (12, 24–26). For each symbiosis, we reconstructed genome-scale
metabolic models for each symbiont, together with a transcriptome-informed model
for the insect bacteriocyte, and then combined these individual models to generate a
three-compartment model with ﬂux between the partners. Quantitative ﬂux estimates
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were inferred by ﬂux balance analysis (FBA), which optimizes ﬂux to a desired outcome
(objective function) (27) and ﬂux variability analysis (FVA), which determines the range
of ﬂuxes that each reaction can achieve while maintaining the optimized objective
function (28). Importantly, interpretation of the metabolic comparisons across the
different bacterial symbionts is not confounded by phylogenetic differences between
the bacteria because the metabolic reactions used in our models are generic to all the
bacterial taxa under study. Our analyses conﬁrmed our prediction of very little overlap
in outputs between the bacterial symbionts in all symbioses and revealed reduced
metabolic costs of the symbioses with more ancient coprimary symbionts.
RESULTS
The metabolic networks of the symbiotic bacteria and their hosts. We reconstructed the metabolic network of the primary symbiont (Sulcia), the coprimary symbiont, and the insect host for the three xylem-feeding insects (Fig. 1a to c). Consistent
with their small genomes, the bacterial symbionts possess fewer metabolism-related
genes that support fewer reactions and metabolites than free-living bacteria such as
Escherichia coli (Table 1; Fig. 1d to f). The metabolic capabilities of the primary symbiont
Sulcia are highly conserved across the three insects (Table 1), with a core set of 81
intracellular metabolic reactions contributing 89 to 94% of the total reactions in each
Sulcia network (see Fig. S1 and Table S1a in the supplemental material). The coprimary
symbionts vary in their metabolic capabilities, with the 50 reactions in Hodgkinia (in the
September/October 2018 Volume 9 Issue 5 e01433-18
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FIG 1 Metabolic interactions in xylem-feeding insect-bacterial symbiosis. (a to c) The insects used in this study (a) spittlebug (Philaenus spumarius), (b)
sharpshooter (Graphocephala coccinea), and (c) cicada (Neotibicen canicularis). (d to F) Model structure showing species compartments and metabolites
exchanged between each compartment for (d) spittlebug, (e) sharpshooter, and (f) cicada symbiosis. Bacterial genome size and the total number of metabolites
in each compartment are shown in parentheses. The number of input and output metabolites for each compartment is displayed alongside the arrows. (g and
h) Metabolic network maps of integrated three-partner (g) spittlebug, (h) sharpshooter, and (i) cicada models. The prefuse force-directed algorithm was used
for generating the network layout and visualized with Cytoscape_v3.4.0. Circles (gold, red, and black) represent metabolites, and squares (brown, blue, and
green) represent reactions.
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TABLE 1 The bacterial and insect metabolic models used in this study
No. of genes

No. of reactions

No. of unique metabolites

82
400
279
761

86
578
213
877

146
556
213
598

Sharpshooter
Sulcia
Baumannia
Graphocephala coccinea
Integrated model

74
234
321
629

88
370
213
671

146
405
214
484

Cicada
Sulcia
Hodgkinia
Neotibicen canicularis
Integrated model

83
37
413
533

91
50
213
354

149
115
212
365

E. coli K-12a
MG1655

1,366

2,251

1,136

aData
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Symbiosis
Spittlebug
Sulcia
Sodalis
Philaenus spumarius
Integrated model

from reference 27.

cicada) representing just 14% of the 370 reactions in Baumannia (in the sharpshooter)
and 9% of the 578 reactions in Sodalis (in the spittlebug) (Table 1). Overall, the three
coprimary symbionts have a shared set of just 27 reactions, constituting 5 to 54% of the
total reactions in each symbiont (Fig. 1d to f; Fig. S1 and Table S1A). The metabolic
networks of the insect hosts each comprise 213 intracellular reactions and 212 to 214
metabolites (Table 1 and Fig. 1d to f).
For each symbiosis, the metabolic networks of the bacterial symbionts and host
were combined via transport reactions to form an integrated three-compartment
model (Fig. 1g to i). We used these three-compartment metabolic models to determine
the metabolite ﬂux between the partners in each symbiosis. Speciﬁcally, we quantiﬁed
the metabolite outputs from the bacterial symbionts to the host and other bacterial
symbionts and the metabolite inputs from the host to the bacterial symbionts by FBA.
To assess whether the ﬂux through reactions mediating interactions between host and
symbionts are tightly constrained, the minimal and maximal ﬂuxes through each
reaction were determined by FVA, while maintaining a ﬁxed maximal theoretical
growth yield of the bacterium. The range of ﬂuxes for ⬃88% of all reactions in all three
models varied by less than 1 mmol g dry weight⫺1 h⫺1 (see Table S1b to d and Fig. S2
in the supplemental material), and 55 to 80% of the transport reactions between host
and symbiont varied in ﬂux by less than 1% (Table S1b to d and Fig. S3 in the
supplemental material). Due to the low ﬂux variability in our models, all ﬂuxes reported
in the rest of this article are optimal ﬂuxes predicted by FBA.
Metabolic outputs from the symbionts. Our ﬁrst analysis focused on the principal
metabolic function of the symbiotic bacteria, the production of essential amino acids
(EAAs). The metabolic models supported the net release of every EAA synthesized by
each bacterium in the sharpshooter and the cicada symbioses: 8 EAAs by Sulcia and the
two remaining EAAs (histidine and methionine) by the coprimary symbiont (Fig. 2a and
b). The metabolic model for the spittlebug symbiosis also supported the net release of
the 7 EAAs synthesized by Sulcia and 4 of the 6 EAAs synthesized by the coprimary
symbiont Sodalis, comprising histidine, methionine, and tryptophan, which are not
synthesized by Sulcia in this symbiosis, and threonine, which was also produced by
Sulcia (Fig. 2c). In our models, the EAAs arginine and lysine synthesized by Sodalis were
not released.
In our simulations, the total ﬂux of EAA release was 0.26 mmol g dry weight⫺1 h⫺1
for the spittlebug symbiosis, 0.12 mmol g dry weight⫺1 h⫺1 for the sharpshooter, and
0.13 mmol g dry weight⫺1 h⫺1 for the cicada symbioses (Fig. 2a to c; Table S1e to g).
September/October 2018 Volume 9 Issue 5 e01433-18
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The host was the largest sink for all EAAs derived from the symbionts, consuming
between 49 and 96% of every EAA produced (Fig. 2d to f). The ﬂuxes of EAA release
varied by an order of magnitude across the different EAAs, with leucine and lysine
consistently released at high ﬂuxes (Fig. 2g). All the EAAs derived from coprimary
symbionts had low release ﬂuxes (Fig. 2a to c). Histidine and methionine release from
Baumannia represented just 8% of the total EAAs released in the sharpshooter symbiosis and the equivalent value for Hodgkinia in the cicada was 15%. Sodalis contributed
16% of the total EAAs released in the spittlebug symbiosis, comprising methionine and
histidine (8%), tryptophan (2%), and threonine (6%).
Our models also revealed that the symbionts release a range of metabolites in
addition to EAAs. The total number of metabolites released was 18 to 21, independent
of genome size (Fig. 3a to c). However, the ﬂux of metabolites exported from primary
symbionts was higher than that from coprimary symbionts (Fig. 3d and e), and the
differences were 2-fold for the sharpshooter symbiosis, 8-fold for the spittlebug symbiosis, and 18-fold for the cicada symbiosis (Table S1e to g).
Sulcia in all three symbioses released the same set of ﬁve central carbon metabolites:
succinate, fumarate, xylulose-5-P, glycerate-1,3-P, and dihydroxyacetone P (Table S1e to
g). The compounds released from the coprimary symbionts varied between the different symbioses (Fig. 3c and e and Table S1e to g). In particular, ammonia constituted the
September/October 2018 Volume 9 Issue 5 e01433-18
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FIG 2 Comparison of EAA synthesis ﬂuxes and utilization proﬁles for three-compartment insect-bacterial symbioses. (a to c) In silico predictions of EAA export
by bacteria in sharpshooter, cicada, and spittlebug symbiosis. (d to f) Comparison of EAA utilization proﬁles for bacteria and host in (d) sharpshooter, (e) cicada,
and (f) spittlebug symbiosis. (g) In silico predictions of EAA production in sharpshooter, cicada, and spittlebug symbiosis.
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highest ﬂux of material released from Sodalis (0.15 mmol g dry weight⫺1 h⫺1) and
Hodgkinia (0.015 mmol g dry weight⫺1 h⫺1), while acetate accounted for the highest
ﬂux of material released from Baumannia (0.23 mmol g dry weight⫺1 h⫺1) (Table S1e to
g). In our models, the ammonia was metabolized by the host to glutamine, and
glutamine to glutamate, via host-encoded glutamine synthetase and glutamate synthase, respectively, and the acetate was assimilated into the host’s central carbon
metabolism.
The overlap in outputs from the primary and coprimary symbionts in each association comprised up to two metabolites: ammonia and threonine in the spittlebug,
acetate in the sharpshooter, and acetate and AMP in the cicada (Table S1h, part i). For
each association, 16 to 20 unique metabolites were released from the primary and
coprimary symbionts (Table S1H, part ii).
We also investigated the incidence of cross-feeding of metabolites synthesized by
one symbiont and required exclusively by the other symbiont (and not the host). Five
cross-fed metabolites were identiﬁed, each unique to a single symbiosis (Fig. 4). The
sharpshooter symbiosis had three instances of transfer from the primary symbiont
Sulcia to the coprimary symbiont Baumannia, one contributing to Baumannia peptidoglycan synthesis and two to products Baumannia delivered to the host (homoserine,
a precursor of the EAA methionine, and 3-methyl-2-oxobutanoate, a precursor of the B
vitamin pantothenate) (Fig. 4). The two exchanged metabolites in the spittlebug
symbiosis are intermediates in the synthesis of the B vitamin pantothenate (Fig. 4). The
cicada symbiosis has no metabolites that are transferred exclusively between symbionts (Fig. 4).
Metabolic inputs to the symbionts from the host. In terms of metabolite counts,
the principal metabolites imported by both primary and coprimary symbionts were
amino acids and their derivatives (Fig. 5a and b), and in quantitative terms, central
carbon intermediates were dominant (Fig. 5c and d). For Sulcia, the amino acid with the
highest import ﬂux was glutamate (utilized in reactions in EAA synthesis), while fructose
6-phosphate and malate were the chief central carbon imports (Table S1e to g). For the
coprimary symbionts, the dominant inputs varied with species. The chief nitrogen and
carbon inputs, respectively, were glutamine and 6-phospho-D-glucono-1,5-lactone for
September/October 2018 Volume 9 Issue 5 e01433-18
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FIG 3 Comparison of metabolites exported by bacteria from three-compartment insect-bacterial symbioses based on metabolite counts and metabolite ﬂuxes.
(a) Relationship between bacterial genome size and number of metabolic outputs exported to the host. (b to e) Metabolic outputs to bacterial compartments
based on (b and c) metabolite counts and (d and e) metabolite ﬂuxes. (Note the difference in scales of ﬂux between the primary symbionts [left] and coprimary
symbionts [right].) Fluxes of individual metabolite production and consumption are provided in Table S1e to g.
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Sodalis, serine and fructose for Baumannia, and ribose-5-P and cystathionine for
Hodgkinia (Table S1e to g).
The number of metabolic inputs to the bacterial symbionts varied inversely with
bacterial genome size (Fig. 5e), ranging from 14 metabolic inputs to Sodalis (1.66 Mb

FIG 5 Comparison of metabolites consumed by bacteria from three-compartment insect-bacterial symbioses based on metabolite counts and metabolite
ﬂuxes. Shown are metabolic inputs to bacterial compartments based on (a and b) metabolite counts and (c and d) metabolite ﬂuxes. (Note the difference in
scales of ﬂux between the primary symbionts [left] and coprimary symbionts [right].) (e) Relationship between bacterial genome size and number of metabolic
inputs derived from the host. Fluxes of individual metabolite production and consumption are provided in Table S1e to g.
September/October 2018 Volume 9 Issue 5 e01433-18
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FIG 4 Metabolite cross-feeding between bacterial partners. Shown are metabolites exchanged exclusively between bacterial partners in (a) spittlebug, (b)
sharpshooter, and (c) cicada symbiosis. Metabolites produced by Sulcia are colored red. Inferred ﬂuxes for metabolite groups assimilated and released by
bacteria are given in mmol g dry weight⫺1 h⫺1.
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FIG 6 Bacterial maintenance costs incurred by host insects. Bacterial maintenance costs are inferred
from reductions in growth ﬂux the host incurs by harboring a bacterium.

genome) to 37 inputs to the bacterium with the smallest genome, Hodgkinia (0.15 Mb
genome). In parallel, the number of host-derived metabolites shared between the
primary and coprimary symbionts increased with reduced genome size of the coprimary symbiont, from two shared metabolites for the spittlebug symbiosis, through 8 for
the sharpshooter, to 15 for the cicada symbiosis. The two shared metabolites in the
spittlebug symbiosis, glutamine and tyrosine, were also shared between the primary
and coprimary symbionts in the other symbioses. (Table S1h, part i). For each association, the primary and coprimary symbionts imported 12 to 30 unique metabolites from
the host (Table S1h, part ii).
Taken together, these analyses reveal that, as the metabolic scope of the bacterial
symbionts declines with genome reduction, the number of host metabolites required
to support bacterial metabolism increases. This relationship is accompanied by an
increased overlap in the number of host-derived metabolites utilized by the primary
and coprimary symbionts.
The metabolic cost of the symbiosis to the host. To estimate the cost of
maintaining bacterial symbionts by each host, simulations were performed comparing
host growth yields in the presence and absence of biomass production by either the
primary or coprimary symbiont. For these simulations, the uptake ﬂuxes for the main
sources of C, N, P, and S (glucose, fructose, ammonium, phosphate, and sulfate) were
capped at the observed uptake ﬂuxes in the three-compartment model by setting the
lower bounds of the uptake reactions to the predicted uptake ﬂuxes with both
symbionts present. Our simulations indicated that the cost of maintaining bacterial
partners by the host decreased with declining bacterial genome size (Fig. 6).
We extended the analysis of metabolic costs to quantify the supply of host-derived
N to EAA production, the key metabolic function of the symbionts. For Sulcia, EAA
output was equivalent to 66 to 80% of host-derived N (Fig. 7a to c; Table S1i). The
coprimary symbionts were less efﬁcient in their transformation of host N into EAAs
delivered back to the host, at 30% for Hodgkinia (Fig. 7c), 15% for Sodalis (Fig. 7a), and
10% for Baumannia (Fig. 7b).
DISCUSSION
Metabolic modeling is widely used in biotechnological applications to predict and
explain the metabolic consequences of speciﬁc genetic manipulations of metabolismrelated genes, such as gene deletions and altered gene expression (29–31), and it is also
increasingly being applied to investigate metabolic interactions, especially among
microorganisms (24, 32–36). These modeling studies provide a powerful route to
identify feasible metabolic solutions and to generate quantitative hypotheses for
September/October 2018 Volume 9 Issue 5 e01433-18
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empirical testing, recognizing that the model outputs are not intended to be a perfect
representation of the biological system under study. The constraint-based modeling
approach adopted here generated optimized metabolite ﬂux distributions across three
linked metabolic networks (two bacterial symbionts and their host), and they successfully captured the core function of the symbiotic bacteria, comprising their synthesis
and release of EAAs to the host (Fig. 2). More broadly, the models yield predictions of
the ﬂux of metabolites transferred between the partners that cannot be obtained from
enumeration of the metabolism gene content of bacterial symbionts.
Consistent with computational analyses of bacteria in other habitats (37), the
number of metabolic inputs to the symbionts varies inversely with symbiont genome
size (Fig. 5e). In other words, the bacterial symbionts with small genomes consume a
greater diversity of host metabolites than bacteria with larger genomes in xylemfeeding insects. An important process contributing to genome reduction in the bacterial symbionts is genomic decay (see the introduction), which is predicted to lead to
a generalized decline in the integrity of the metabolic network of bacteria, but this is
unlikely to be a complete explanation for our observation because the number of
metabolites released from the bacteria does not vary with genome size (Fig. 3a). We
hypothesize that it may be advantageous to the host for its symbionts to require
multiple metabolic inputs. Speciﬁcally, some metabolic inputs may be points of host
control over symbiont metabolism, as has been demonstrated for the Buchnera symbiont in aphids (38), and the regulated supply of multiple metabolites may provide for
more robust and precise host controls over symbiont growth and function. Thus,
among the three symbioses investigated in this study, we predict that host control over
EAA release and growth yields of the coprimary symbiont is greater for the cicada
association with Hodgkinia (37 inputs) than for the sharpshooter association with
September/October 2018 Volume 9 Issue 5 e01433-18
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FIG 7 Nitrogen utilization by bacterial symbionts. Inferred ﬂuxes for total nitrogen assimilated and released by bacteria are calculated by multiplying the ﬂux
through a metabolite transport reaction by the N stoichiometry of the given metabolite. (a) Spittlebug. (b) Sharpshooter. (c) Cicada. Broken arrows represent
transport ﬂuxes between host and symbionts. Reaction ﬂuxes (mmol g dry weight⫺1 h⫺1) are shown below each metabolite transport class. Percentages
represent the proportion of ﬂux through each metabolite transport class (e.g., non-EAA transport input ﬂux) relative to the total N input transport ﬂux into each
symbiotic partner (denoted by bold text with an asterisk). Individual metabolite ﬂuxes are shown in Table S1i.
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Baumannia (26 inputs) and the spittlebug association with Sodalis (14 inputs). These
metabolic controls may operate in conjunction with both controls over transport across
the host-symbiont interface and also host effector molecules, including immunerelated products, to regulate symbiont growth yields and nutrient release ﬂuxes. Such
mechanisms have not, to date, been investigated in xylem-feeding insect symbioses,
but they have been identiﬁed in other intracellular symbioses. For example, an amino
acid transporter expressed in the aphid bacteriocyte has been functionally characterized in the aphid symbiosis (39), the antimicrobial peptide coleoptericin A has been
implicated in the regulation of symbiont proliferation in Sitophilus weevils (40), and
cysteine-rich peptides, which promote nutrient release from bacterial symbionts in
plant roots (41, 42), have been identiﬁed in some insect symbioses (43, 44).
Implicit in the hypothesis that symbiont metabolic function and growth are regulated by metabolic inputs from the host is that the supply of these inputs can limit
metabolic ﬂux and biomass production in the symbiont. Where a single host-derived
metabolite is an input for both the primary and coprimary symbionts, betweensymbiont competition can ensue with deleterious consequences, including increased
allocation of symbiont resources to competitive traits instead of services to the host
and reduced ﬁtness of both symbionts and host (45–48). Our models suggest that
between-symbiont competition could be particularly intense because proportionately
more shared metabolites than inputs to single symbionts are allocated to biomass
production, rather than to EAA release to the host.
How might competition for host-derived metabolites that are shared between the
primary and coprimary symbionts be constrained? Two complementary processes may
be involved. First, the host may provide an excess of shared metabolites but limit the
supply of nutrients that are exclusive to each symbiont. Symbiont growth and EAA
production could, thereby, be controlled by the exclusive inputs, preventing overconsumption of the shared metabolites. Additionally or alternatively, competitive interactions may be suppressed by host-mediated segregation of the symbionts. Speciﬁcally,
symbiont access to host metabolites is constrained by a host membrane, the symbiosomal membrane, which bounds each bacterial cell and, where investigated, has highly
selective transport properties exerting substantial controls over host metabolite supply
to the symbionts (49, 50). Metabolic segregation is not, however, complete because
limited cross-feeding of metabolites between the two symbionts was identiﬁed in the
models for two of the three associations (in the spittlebug and sharpshooter). Interestingly, a majority (4 out of 5) of the cross-fed metabolites contribute to the synthesis
of EAAs and B vitamins that are released to the host (Fig. 4). This pattern raises the
possibility that selection may favor metabolic interactions between the primary and
coprimary symbionts that contribute directly to host nutrition.
The second robust pattern that emerged from our analysis was that symbionts with
a smaller genome are less costly to the host than symbionts with a larger genome
(Fig. 6). The underlying reason is that symbionts with highly reduced genomes have
very small metabolic networks that are dominated by linear pathways, with few
metabolic reactions that shunt host-supplied precursors away from EAA synthesis to
other biochemical pathways. These results suggest that selection for metabolic efﬁciency may favor genome reduction in these bacteria.
We predicted that selection to minimize metabolic costs of the symbiosis would
be especially high in symbioses subsisting on xylem sap, which (as considered in
the introduction) is very nutrient poor, especially in organic carbon and nitrogen.
With respect to carbon, the coprimary symbiont Hodgkinia imposes minimal costs
because it has no capacity for independent energy production (21) (Table S1d), but
the demand for central carbon compounds by the other symbionts is substantial,
accounting for 37 to 66% of their total inputs (Table S1e to g). The host is expected
to maintain tight metabolic controls over the supply of these major compounds.
Consistent with our argument (above) that the host preferentially limits the ﬂux of
metabolites unique to each symbiont rather than shared metabolites, the major
organic carbon inputs differ between the primary and coprimary symbionts in each
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symbiosis. Turning to nitrogen, all the symbionts impose a net demand on host
nitrogen resources, but the magnitude of the cost varies widely among the different
symbionts. The efﬁciency of Sulcia nitrogen metabolism, with up to 80% of input N
released back to the host as EAAs, greatly exceeds the calculated value of 60% for
the intracellular symbiont Portiera in the whiteﬂy symbiosis (24) and the 9%
estimated for the Buchnera symbiont in aphids (12). We recognize, however, that
the inclusion of metabolite transport reactions that are not energetically costly to
the symbionts or host may potentially underestimate the costs associated with
symbiont maintenance and may affect the symbiont cost estimations. The coprimary symbionts are appreciably less efﬁcient (10 to 30%) than Sulcia, and the
difference can be attributed to the low-output ﬂux of EAAs synthesized by the
coprimary symbionts and the high-output ﬂux of ammonia, especially from Sodalis.
We conclude by considering the contribution that symbioses in xylem-feeding
insects can make to our general understanding of metabolic function in symbiotic
microorganisms. Previous research based on analysis of the gene content of the
symbionts has revealed how selection pressures exerted in the symbiosis have led
to the remarkable evolutionary convergence of phylogenetically diverse coprimary
symbionts to produce EAAs that precisely complement the EAA biosynthetic function of the primary symbiont Sulcia (14, 19). The genome-scale modeling described
here provides quantitative validation of these conclusions and demonstrates that
the metabolic cost to the host of maintaining intracellular symbionts declines with
decreasing genome size of the symbiont, despite a parallel increase in the number
of host-derived metabolites required by the symbiont. These results provide a
quantitative basis for the argument that genome reduction of symbionts, especially
in hosts utilizing grossly nutrient-poor diets such as xylem sap, may not be driven
entirely by genetic drift and relaxed selection (see the introduction), but may be of
selective advantage to the host. The generality of the relationships between
symbiont genome size and metabolic traits identiﬁed in these xylem-feeding
insects can be investigated using phylogenetically different symbionts and hosts on
diets of different nutritional proﬁles.
MATERIALS AND METHODS
The insects. Adults of Philaenus spumarius (Linneus, 1758), informally known as the meadow
spittlebug, and Graphocephala coccinea (Forster, 1771), a sharpshooter informally known as the redbanded leafhopper, were collected from vegetation surrounding Beebe Lake, Ithaca, NY, in June 2014
and July 2015, respectively. Mature nymphs of the dog-day cicada Neotibicen canicularis (Harris, 1841)
were collected from tree trunks at Lansing, Ithaca, NY, and retained in the laboratory for up to 3 days after
they had molted to adulthood. Species identiﬁcation was carried out using taxonomic keys (51–53)
(voucher specimen CU1268 held in the Cornell University Insect Collection). For bacterial genome
sequencing, bacteriomes were dissected from each insect in ice-cold ﬁlter-sterilized phosphate-buffered
saline (PBS) and transferred to 70% ethanol. Total DNA was extracted using the DNeasy blood and tissue
kit (Qiagen) “tissue extraction” protocol and eluted in 50 l AE buffer (Qiagen). For transcriptome
analysis, replicate samples of whole bodies and freshly dissected bacteriomes of each species (two
samples for N. canicularis, four for G. coccinea, and six for P. spumarius) were transferred to RNAlater
(ThermoFisher) and RNA was extracted with the RNeasy kit (Qiagen) “tissues” protocol, including
treatment with RNase-free DNase I (Qiagen) for 15 min at room temperature, following the manufacturer’s instructions. The ﬁnal product was eluted in 50 l RNase-free water.
DNA library preparation and sequencing of bacterial genomes. The extracted DNA (1 to 2 g per
sample) was fragmented using an S2 ultrasonicator (Covaris) to obtain 700-bp fragments, which were
end repaired with the End repair mix LC (Enzymatics) and A-tailed with the Klenow 3=¡5= exo-enzyme
(Enzymatics). Universal Y-shaped adaptors were ligated using A-T ligation, adaptor-ligated DNA was
puriﬁed and size-selected using AMPure XP beads (Agencourt), and DNA was subjected to 14 cycles of
PCR ampliﬁcation with barcoded Illumina index primers (see Table S2 in the supplemental material). The
ampliﬁed DNA was puriﬁed with AMPure XP beads and eluted in 15 l buffer EB (Qiagen). Concentrations
were determined by Qubit 2.0 ﬂuorometer (Thermo Fisher) with the DNA HS assay, yielding 5.8 to 14.1 ng
DNA l⫺1. Library quality was assessed on a Bioanalyzer, and equimolar pools were subjected to 2⫻
150-bp paired-end sequencing on an Illumina HiSeq2500 platform.
Following the removal of adaptors and quality ﬁltering, the DNA reads were used to assemble the
genome of each bacterium. First, the total bacteriome metagenome was assembled using the CLC
genomics workbench (version 3.6 CLC, Inc., Aarhus, Denmark). BLASTn (BLAST version 2.2 [54]) searches
of the resulting contigs were performed against ad hoc-built databases created using the publicly
available genomes of each bacterium (see Table S3 in the supplemental material), and the reads
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associated with the contigs for each bacterium were extracted separately and reassembled using SPAdes
version 3.5 (55) to generate the bacterial genomes. Genome annotations were carried out on RAST (56),
using Glimmer 3 as an open reading frame (ORF) caller for all bacteria, except Hodgkinia, which uses an
alternative genetic code (21). The contigs from our Hodgkinia genome assembly were used to perform
a BLASTn search against a reference Hodgkinia genome (PRJNA246493 [57]). For this search, a gene was
considered to present when the BLASTn search results matched a single entry in the reference Hodgkinia
genome and matched the total length of our contigs.
Illumina RNA-seq library preparation. Transcriptome sequencing (RNA-seq) libraries were generated from 2 g total RNA per replicate, using a published protocol (58) with minor modiﬁcations.
Poly(A)⫹ RNA was puriﬁed using Dynabeads oligo(dT) (Life Technologies) according to the manufacturer’s protocol and fragmented by incubation at 94°C for 2 min to generate long fragments (⬎700 bp).
cDNA was synthesized using Superscript II reverse transcriptase (Invitrogen) following the manufacturer’s
protocol, and the resulting cDNA was puriﬁed using RNA Clean XP magnetic beads (Agencourt).
Strand-speciﬁc libraries were generated with dUTP for second-strand synthesis. Double-stranded cDNA
was end repaired, A-tailed, and ligated to adaptors as for the DNA library preparation (described above),
and the resultant cDNA was puriﬁed and size selected to obtain 750-bp fragments. The uracil-containing
second strand was then digested using uracil DNA glycosylase (Enzymatics), and cDNA was subjected to
15 cycles of PCR ampliﬁcation using barcoded Illumina index primers (Table S2). The ﬁnal cDNA was
puriﬁed using AMPure XP beads (Agencourt) and eluted in 15 l buffer EB (Qiagen). The concentration
was determined by Qubit (as described above), yielding 6.33 to 37.5 ng RNA l⫺1, library quality was
checked by Bioanalyzer, and equimolar pools were used for 150-bp paired-end sequencing on an
Illumina HiSeq2500.
RNA-seq expression analysis. The raw reads were trimmed to remove adaptors and quality ﬁltered,
retaining reads with an average quality score of ⬎30. The reads were mapped against the reference
genomes of the bacteria obtained in this project (Table S3), and the mapped reads were excluded from
the data set. High-quality reads from each bacteriome and body sample were then assembled individually using Trinity version 2.1.1 (59) with default settings. Transcripts from bacteriome and body samples
were then merged using CD-HIT version 4.6.6 (60), considering a similarity threshold of 90%. ORF
detection was carried out using the Transdecoder suite version 2.0.1 (https://transdecoder.github.io/)
with default settings. The transcriptome was annotated using the Trinotate pipeline version 2.0.1
(https://trinotate.github.io/) and local BLAST (54) against SwissProt with an E value cutoff of 1e⫺5. The
completeness of the transcriptomes was assessed with BUSCO v3 (61): our transcriptomes included 75
to 87% of the 1,658 single-copy orthologous insect genes in OrthoDB v9 (62) (see Table S4 in the
supplemental material). Expression analysis was conducted with Trinity utility suite (https://github.com/
trinityrnaseq/trinityrnaseq/). The reads from each sample were aligned against the reference transcriptome using the align_and_estimate_abundance.pl script with bowtie2 as the aligner and RSEM (63) as
the abundance estimation method to determine transcripts per million mapped reads (TPM). The
expression level of the different transcripts was then normalized to the expression of the lowest
transcript. Speciﬁcally, the mean TPM for each gene was divided by the lowest nonzero count and
rounded to the nearest integer. Transcripts with the lowest nonzero TPM received a normalized
expression level of 1, and all other transcripts received multiples of 1. Transcripts with zero TPM counts
(i.e., very-low-abundance transcripts with lengths less than the mean fragment length [63]) were
assigned the lowest TPM values in each replicate and normalized as described above. Zero-TPM
transcripts were used only for calculating the total protein content for each insect host.
Metabolic model reconstruction and analysis. Genome-scale metabolic models were generated
for the symbiotic bacteria (Sulcia [iNA82] and Sodalis [iNA400] from the spittlebug, Sulcia [iNA74] and
Baumannia [iNA234] from the sharpshooter, and Sulcia [iNA83] and Hodgkinia [iNA37] from the cicada)
(see Table S5a to f in the supplemental material) following the procedure in reference 24, as described
in Text S1 in the supplemental material. For the host models, reactions capable of generating or
consuming dead-end metabolites in each bacterial model were identiﬁed and incorporated in the draft
reconstruction where the cognate metabolism genes were detected in the host transcriptome (Table S5g
to i). Orphan reactions (non-gene-associated reactions) (Table S5j) were added to ﬁll gaps in all the
metabolic networks. All metabolic networks were visualized using Cytoscape_v3.4.0 (64), and model
testing was conducted in COBRA Toolbox version 3.0 (65) run in Matlab (The MathWorks, Inc., Natick,
MA), using the Gurobi solver (66).
The three-compartment model for each symbiosis (iNA761 [spittlebug], iNA629 [sharpshooter], and
iNA533 [cicada] [Table S5k to m]) was reconstructed by integration of the models of each bacterial
partner and their insect host, together with transport reactions to connect the three compartments (see
Text S1 for details). Due to the dearth of annotated transporters in endosymbiont genomes and lack of
empirical data on the energetic costs associated with metabolite transport between endosymbionts and
their insect hosts, we adopted a parsimonious metabolite transport strategy in which the endosymbionts
and insect hosts do not incur energetic costs for metabolite transfer. To set biologically relevant reaction
ﬂuxes, normalized gene expression data of the bacteriocyte were used to set lower and upper bounds
for each host reaction (Table S5n). Missing host reactions, reactions with no matching transcript in the
transcriptome assembly, were assigned arbitrary upper bounds of 10 mmol g dry weight⫺1 h⫺1 (with
lower bounds of ⫺10 mmol g dry weight⫺1 h⫺1 for reversible reactions). Approximately 66% of all
host-constrained reactions carried ﬂux under optimal conditions (Table S5n).
All model simulations applied aerobic conditions (maximum oxygen uptake ﬂux of 20 mmol g dry
weight⫺1 h⫺1) and a minimal external medium (insect hemolymph) comprising glucose, ammonia, and
sulfate as carbon, nitrogen, and sulfur sources, respectively, universal metabolites present in the external
mbio.asm.org 12

Metabolic Function of Bacteria with Small Genomes

®

Downloaded from http://mbio.asm.org/ on March 28, 2020 by guest

medium of all three insect models, and nicotinate D-ribonucleotide (spittlebug model medium), fructose
(sharpshooter model medium), and thiamine diphosphate, nicotinate D-ribonucleotide, dihydropteroate,
pyridoxine 5-phosphate, pantothenate, and cobalt (cicada model medium). The maximum uptake ﬂux for
each reaction was capped at 100 mmol g dry weight⫺1 h⫺1. Amino acids were excluded as nutrient
sources in all model simulations (Table S5o). In the absence of empirical data on the relative abundance
of each symbiont within each insect host, we assumed equal biomass proportions for each symbiont in
all our simulations by ﬁxing the lower bound of the biomass reaction for each bacterium at 0.01 mmol
g dry weight⫺1 h⫺1.
For the three-compartment model simulations, a single objective function representing the total
amino acid content in the whole insect body and the insect B vitamin requirement was used. Amino acid
coefﬁcients were estimated from the total abundance of each amino acid in insect protein (see Table S6a
to i in the supplemental material) following standard protocols (67, 68), and B vitamins were assigned
arbitrary small coefﬁcients (0.00005). The coefﬁcients for biomass reaction components for individual
bacterial models (Table S6a, d, and g) were derived from the biomass equation of metabolic model
iSM199 of the insect symbiont Buchnera (12), modiﬁed to account for differences in the structural and
biosynthetic needs of each symbiont. For example, Sulcia and Hodgkinia do not have a cell wall or the
genetic capacity for cell wall synthesis, and consequently, cell wall components were omitted from their
respective biomass equations. Amino acids and most central carbon intermediates were assigned the
same biomass coefﬁcients for all bacterial partners.
Metabolites exchanged between host and symbiont partners were identiﬁed by ﬂux balance analysis
(FBA) (69) and ﬂux variability analysis (FVA) (28). With the exception of minerals and metabolites involved
in cofactor biosynthesis which are required in small quantities by host and symbionts, a metabolite was
considered to be imported/exported by a symbiont if the ﬂux through its transport reaction was greater
than 10⫺6 mmol g dry weight⫺1 h⫺1.
Calculation of symbiont maintenance costs. For analyses of symbiont maintenance costs, ﬂux
through the biomass equation for a primary or coprimary symbiont was ﬁxed to zero, while allowing ﬂux
through all other symbiont-associated reactions (so ensuring host access to essential nutrients), and the
cost was computed as the difference between host growth yields in the presence and absence of
symbiont biomass production. Applying these constraints allowed the costs associated exclusively with
symbiont maintenance to be decoupled from the costs of meeting the EAA demands of the host. For all
maintenance cost simulations, the uptake ﬂuxes for the main sources of C, N, P, and S (glucose, fructose,
ammonium, phosphate, and sulfate) were capped at the observed uptake ﬂuxes in the threecompartment model (i.e., with both symbionts).
Accession number(s). The GenBank accession numbers of the sequences described here are
NJPN00000000, NKXM00000000, MIEN00000000, NZ_NJPO00000000, and NJHQ00000000 for the bacterial genome sequences and PRJNA341855, PRJNA342845, and PRJNA343314 for the insect transcriptomes.
Data availability. All models have been provided in three formats—SBML (.xml), MATLAB (.mat), and
Excel (.xls)—and deposited in GitHub (https://github.com/Bessem06/Hemipteran). SBML ﬁles of the
models have also been submitted to the BioModels database (70) with the following identiﬁers:
MODEL1806250003, MODEL1806250004, and MODEL1806250005.

SUPPLEMENTAL MATERIAL
Supplemental material for this article may be found at https://doi.org/10.1128/mBio
.01433-18.
TEXT S1, DOCX ﬁle, 0.1 MB.
FIG S1, PDF ﬁle, 0.1 MB.
FIG S2, PDF ﬁle, 0.1 MB.
FIG S3, PDF ﬁle, 0.1 MB.
TABLE S1, XLSX ﬁle, 0.2 MB.
TABLE S2, XLSX ﬁle, 0.1 MB.
TABLE S3, XLSX ﬁle, 0.1 MB.
TABLE S4, XLSX ﬁle, 0.1 MB.
TABLE S5, XLSX ﬁle, 0.9 MB.
TABLE S6, XLSX ﬁle, 0.1 MB.
ACKNOWLEDGMENTS
We thank Jason Dombroskie (Cornell University Insect Collection) for assistance with
insect identiﬁcation and Brandon Barker (Aristotle Cloud Federation) for assistance with
virtual machine image development, made possible by National Science Foundation
grant ACI-1541215.
This study was funded by NSF grant IOS-1354743.
B.C. conducted the sequencing. N.Y.D.A. conducted the metabolic modeling.
N.Y.D.A. and A.E.D. wrote the manuscript. All authors commented on the manuscript.
September/October 2018 Volume 9 Issue 5 e01433-18

mbio.asm.org 13

®

Ankrah et al.

REFERENCES

September/October 2018 Volume 9 Issue 5 e01433-18

24.

25.

26.

27.

28.

29.

30.
31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

their dual bacterial symbionts. Mol Ecol 15:4175– 4191. https://doi.org/
10.1111/j.1365-294X.2006.03071.x.
Ankrah NYD, Luan J, Douglas AE. 2017. Cooperative metabolism in a
three-partner insect-bacterial symbiosis revealed by metabolic modeling. J Bacteriol 199:e00872-16. https://doi.org/10.1128/JB.00872-16.
Belda E, Silva FJ, Pereto J, Moya A. 2012. Metabolic networks of Sodalis
glossinidius: a systems biology approach to reductive evolution. PLoS
One 7:e30652. https://doi.org/10.1371/journal.pone.0030652.
Cottret L, Milreu PV, Acuna V, Marchetti-Spaccamela A, Stougie L, Charles H,
Sagot MF. 2010. Graph-based analysis of the metabolic exchanges between
two co-resident intracellular symbionts, Baumannia cicadellinicola and Sulcia muelleri, with their insect host, Homalodisca coagulata. PLoS Comput
Biol 6:e1000904. https://doi.org/10.1371/journal.pcbi.1000904.
Orth JD, Conrad TM, Na J, Lerman JA, Nam H, Feist AM, Palsson BO. 2014.
A comprehensive genome-scale reconstruction of Escherichia coli metabolism. Mol Syst Biol 7:535. https://doi.org/10.1038/msb.2011.65.
Gudmundsson S, Thiele I. 2010. Computationally efﬁcient ﬂux variability
analysis. BMC Bioinformatics 11:489. https://doi.org/10.1186/1471-2105
-11-489.
Bordbar A, Monk JM, King ZA, Palsson BO. 2014. Constraint-based
models predict metabolic and associated cellular functions. Nat Rev
Genet 15:107–120. https://doi.org/10.1038/nrg3643.
O’Connor SE. 2015. Engineering of secondary metabolism. Annu Rev
Genet 49:71–94. https://doi.org/10.1146/annurev-genet-120213-092053.
Zhang C, Hua Q. 2016. Applications of genome-scale metabolic models
in biotechnology and systems medicine. Front Physiol 6:413. https://doi
.org/10.3389/fphys.2015.00413.
Biggs MB, Medlock GL, Kolling GL, Papin JA. 2015. Metabolic network
modeling of microbial communities. Wiley Interdiscip Rev Syst Biol Med
7:317–334. https://doi.org/10.1002/wsbm.1308.
Gottstein W, Olivier BG, Bruggeman FJ, Teusink B. 2016. Constraintbased stoichiometric modelling from single organisms to microbial
communities. J R Soc Interface 13:20160627. https://doi.org/10.1098/rsif
.2016.0627.
Mahadevan R, Henson MA. 2012. Genome-based modeling and design
of metabolic interactions in microbial communities. Comput Struct Biotechnol J 3:e201210008. https://doi.org/10.5936/csbj.201210008.
Noecker C, Eng A, Srinivasan S, Theriot CM, Young VB, Jansson JK,
Fredricks DN, Borenstein E. 2016. Metabolic model-based integration of
microbiome taxonomic and metabolomic proﬁles elucidates mechanistic links between ecological and metabolic variation. mSystems
1:e00013-15. https://doi.org/10.1128/mSystems.00013-15.
Stolyar S, Van Dien S, Hillesland KL, Pinel N, Lie TJ, Leigh JA, Stahl DA.
2007. Metabolic modeling of a mutualistic microbial community. Mol
Syst Biol 3:92. https://doi.org/10.1038/msb4100131.
Zarecki R, Oberhardt MA, Reshef L, Gophna U, Ruppin E. 2014. A novel
nutritional predictor links microbial fastidiousness with lowered ubiquity, growth rate, and cooperativeness. PLoS Comput Biol 10:e1003726.
https://doi.org/10.1371/journal.pcbi.1003726.
Russell CW, Poliakov A, Haribal M, Jander G, van Wijk KJ, Douglas AE.
2014. Matching the supply of bacterial nutrients to the nutritional
demand of the animal host. Proc Biol Sci 281:20141163. https://doi.org/
10.1098/rspb.2014.1163.
Price DR, Feng H, Baker JD, Bavan S, Luetje CW, Wilson AC. 2014. Aphid
amino acid transporter regulates glutamine supply to intracellular bacterial symbionts. Proc Natl Acad Sci U S A 111:320 –325. https://doi.org/
10.1073/pnas.1306068111.
Login FH, Balmand S, Vallier A, Vincent-Monegat C, Vigneron A, WeissGayet M, Rochat D, Heddi A. 2011. Antimicrobial peptides keep insect
endosymbionts under control. Science 334:362–365. https://doi.org/10
.1126/science.1209728.
Carro L, Pujic P, Alloisio N, Fournier P, Boubakri H, Hay AE, Poly F,
François P, Hocher V, Mergaert P, Balmand S, Rey M, Heddi A, Normand
P. 2015. Alnus peptides modify membrane porosity and induce the
release of nitrogen-rich metabolites from nitrogen-ﬁxing Frankia. ISME J
9:1723–1733. https://doi.org/10.1038/ismej.2014.257.
Van de Velde W, Zehirov G, Szatmari A, Debreczeny M, Ishihara H, Kevei
Z, Farkas A, Mikulass K, Nagy A, Tiricz H, Satiat-Jeunemaitre B, Alunni B,
Bourge M, Kucho K, Abe M, Kereszt A, Maroti G, Uchiumi T, Kondorosi E,
Mergaert P. 2010. Plant peptides govern terminal differentiation of
mbio.asm.org 14

Downloaded from http://mbio.asm.org/ on March 28, 2020 by guest

1. Land M, Hauser L, Jun S-R, Nookaew I, Leuze MR, Ahn T-H, Karpinets T,
Lund O, Kora G, Wassenaar T, Poudel S, Ussery DW. 2015. Insights from
20 years of bacterial genome sequencing. Funct Integr Genomics 15:
141–161. https://doi.org/10.1007/s10142-015-0433-4.
2. Bobay LM, Ochman H. 2017. The evolution of bacterial genome architecture. Front Genet 8:72. https://doi.org/10.3389/fgene.2017.00072.
3. Lynch M. 2006. Streamlining and simpliﬁcation of microbial genome
architecture. Annu Rev Microbiol 60:327–349. https://doi.org/10.1146/
annurev.micro.60.080805.142300.
4. Morris JJ, Lenski RE, Zinser ER. 2012. The black queen hypothesis:
evolution of dependencies through adaptive gene loss. mBio 3:e00036
-12. https://doi.org/10.1128/mBio.00036-12.
5. McCutcheon JP, Moran NA. 2012. Extreme genome reduction in
symbiotic bacteria. Nat Rev Microbiol 10:13–26. https://doi.org/10
.1038/nrmicro2670.
6. Moran NA, Bennett GM. 2014. The tiniest tiny genomes. Annu Rev
Microbiol 68:195–215. https://doi.org/10.1146/annurev-micro-091213
-112901.
7. Martinez-Cano DJ, Reyes-Prieto M, Martinez-Romero E, Partida-Martinez LP,
Latorre A, Moya A, Delay L. 2015. Evolution of small prokaryotic genomes.
Front Microbiol 5:742. https://doi.org/10.3389/fmicb.2014.00742.
8. Giovannoni SJ, Cameron Thrash J, Temperton B. 2014. Implications of
streamlining theory for microbial ecology. ISME J 8:1553–1565. https://
doi.org/10.1038/ismej.2014.60.
9. Wernegreen JJ. 2017. In it for the long haul: evolutionary consequences
of persistent endosymbiosis. Curr Opin Genet Dev 47:83–90. https://doi
.org/10.1016/j.gde.2017.08.006.
10. Wernegreen JJ. 2015. Endosymbiont evolution: predictions from theory
and surprises from genomes. Ann N Y Acad Sci 1360:16 –35. https://doi
.org/10.1111/nyas.12740.
11. Douglas AE. 2016. How multi-partner endosymbioses function. Nat Rev
Microbiol 14:731–743. https://doi.org/10.1038/nrmicro.2016.151.
12. Macdonald SJ, Lin GG, Russell CW, Thomas GH, Douglas AE. 2012. The
central role of the host cell in symbiotic nitrogen metabolism. Proc Biol
Sci 279:2965–2973. https://doi.org/10.1098/rspb.2012.0414.
13. Buchner P. 1965. Endosymbiosis of animals with plant microorganisms.
John Wiley & Sons, Chichester, United Kingdom.
14. McCutcheon JP, Moran NA. 2007. Parallel genomic evolution and metabolic interdependence in an ancient symbiosis. Proc Natl Acad Sci
U S A 104:19392–19397. https://doi.org/10.1073/pnas.0708855104.
15. Raven JA. 1984. Phytophages of xylem and phloem: a comparison of
animal and plant sap-feeders. Adv Ecol Res 13:135–234. https://doi.org/
10.1016/S0065-2504(08)60109-9.
16. Schurr U, Schulze ED. 1995. The concentration of xylem sap constituents
in root exudate, and in sap from intact, transpiring castor bean plants
(Ricinus communis L.). Plant Cell Environ 18:409 – 420. https://doi.org/10
.1111/j.1365-3040.1995.tb00375.x.
17. Rellan AR, El-Jandoubi H, Wohlgemuth G, Abadia A, Fiehn O, Abadia J,
Alvarez FA. 2011. Metabolite proﬁle changes in xylem sap and leaf
extracts of strategy I plants in response to iron deﬁciency and resupply.
Front Plant Sci 2:66. https://doi.org/10.3389/fpls.2011.00066.
18. Moran NA, McCutcheon JP, Nakabachi A. 2008. Genomics and evolution
of heritable bacterial symbionts. Annu Rev Genet 42:165–190. https://
doi.org/10.1146/annurev.genet.41.110306.130119.
19. McCutcheon JP, McDonald BR, Moran NA. 2009. Convergent evolution of
metabolic roles in bacterial co-symbionts of insects. Proc Natl Acad Sci
U S A 106:15394 –15399. https://doi.org/10.1073/pnas.0906424106.
20. Moran NA, Tran P, Gerardo NM. 2005. Symbiosis and insect
diversiﬁcation: an ancient symbiont of sap-feeding insects from the
bacterial phylum bacteroidetes. Appl Environ Microbiol 71:8802– 8810.
https://doi.org/10.1128/AEM.71.12.8802-8810.2005.
21. McCutcheon JP, McDonald BR, Moran NA. 2009. Origin of an alternative
genetic code in the extremely small and GC-rich genome of a bacterial
symbiont. PLoS Genet 5:e1000565. https://doi.org/10.1371/journal.pgen
.1000565.
22. Koga R, Bennett GM, Cryan JR, Moran NA. 2013. Evolutionary replacement
of obligate symbionts in an ancient and diverse insect lineage. Environ
Microbiol 15:2073–2081. https://doi.org/10.1111/1462-2920.12121.
23. Takiya DM, Tran PL, Dietrich CH, Moran NA. 2006. Co-cladogenesis
spanning three phyla: leafhoppers (Insecta: Hemiptera: Cicadellidae) and

®

Metabolic Function of Bacteria with Small Genomes

43.

44.

45.

46.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

September/October 2018 Volume 9 Issue 5 e01433-18

58.

59.

60.

61.

62.

63.

64.

65.

66.
67.

68.

69.
70.

functionality of one. Cell 158:1270 –1280. https://doi.org/10.1016/j.cell
.2014.07.047.
Wang L, Si Y, Dedow LK, Shao Y, Liu P, Brutnell TP. 2011. A low-cost
library construction protocol and data analysis pipeline for Illuminabased strand-speciﬁc multiplex RNA-seq. PLoS One 6:e26426. https://doi
.org/10.1371/annotation/1935b388-2831-4fb1-b8f2-914ab91c1ddc.
Grabherr MG, Haas BJ, Yassour M, Levin JZ, Thompson DA, Amit I,
Adiconis X, Fan L, Raychowdhury R, Zeng Q, Chen Z, Mauceli E, Hacohen
N, Gnirke A, Rhind N, di Palma F, Birren BW, Nusbaum C, Lindblad-Toh K,
Friedman N, Regev A. 2011. Full-length transcriptome assembly from
RNA-Seq data without a reference genome. Nat Biotechnol 29:644 – 652.
https://doi.org/10.1038/nbt.1883.
Huang Y, Niu B, Gao Y, Fu L, Li W. 2010. CD-HIT suite: a web server for
clustering and comparing biological sequences. Bioinformatics 26:
680 – 682. https://doi.org/10.1093/bioinformatics/btq003.
Waterhouse RM, Seppey M, Simao FA, Manni M, Ioannidis P, Klioutchnikov G, Kriventseva EV, Zdobnov EM. 2017. BUSCO applications from
quality assessments to gene prediction and phylogenomics. Mol Biol
Evol 35:543–548. https://doi.org/10.1093/molbev/msx319.
Zdobnov EM, Tegenfeldt F, Kuznetsov D, Waterhouse RM, Simao FA,
Ioannidis P, Seppey M, Loetscher A, Kriventseva EV. 2017. OrthoDB v9.1:
cataloging evolutionary and functional annotations for animal, fungal,
plant, archaeal, bacterial and viral orthologs. Nucleic Acids Res 45:
D744 –D749. https://doi.org/10.1093/nar/gkw1119.
Li B, Dewey CN. 2011. RSEM: accurate transcript quantiﬁcation from
RNA-Seq data with or without a reference genome. BMC Bioinformatics
12:323. https://doi.org/10.1186/1471-2105-12-323.
Shannon PA, Ozier O, Baliga NS, Wang JT, Ramage D, Amin N,
Schwikowski B, Ideker T. 2003. Cytoscape: a software environment for
integrated models of biomolecular interaction networks. Genome Res
13:2498 –2504. https://doi.org/10.1101/gr.1239303.
Schellenberger J, Que R, Fleming RMT, Thiele I, Orth JD, Feist AM,
Zielinski DC, Bordbar A, Lewis NE, Rahmanian S, Kang J, Hyduke DR,
Palsson BØ. 2011. Quantitative prediction of cellular metabolism with
constraint-based models: the COBRA toolbox v2.0. Nat Protoc
6:1290 –1307. https://doi.org/10.1038/nprot.2011.308.
Gurobi Optimization, LLC. 2016. Gurobi Optimizer reference manual.
http://www.gurobi.com.
Thiele I, Palsson BØ. 2010. A protocol for generating a high-quality
genome-scale metabolic reconstruction. Nat Protoc 5:93. https://doi.org/
10.1038/nprot.2009.203.
Nogales J. 2014. A practical protocol for genome-scale metabolic
reconstructions, p 197–221. In McGenity TJ, Timmis KN, Nogales B
(ed), Hydrocarbon and lipid microbiology protocols. Springer, Berlin,
Germany.
Orth JD, Thiele I, Palsson BO. 2010. What is ﬂux balance analysis? Nat
Biotechnol 28:245–248. https://doi.org/10.1038/nbt.1614.
Chelliah V, Juty N, Ajmera I, Ali R, Dumousseau M, Glont M, Hucka M,
Jalowicki G, Keating S, Knight-Schrijver V, Lloret-Villas A, Natarajan KN,
Pettit J-B, Rodriguez N, Schubert M, Wimalaratne SM, Zhao Y, Hermjakob
H, Le Novère N, Laibe C. 2015. BioModels: ten-year anniversary. Nucleic
Acids Res 43:D542–D548. https://doi.org/10.1093/nar/gku1181.

mbio.asm.org 15

Downloaded from http://mbio.asm.org/ on March 28, 2020 by guest

47.

bacteria in symbiosis. Science 327:1122–1126. https://doi.org/10.1126/
science.1184057.
Mergaert P, Kikuchi Y, Shigenobu S, Nowack ECM. 2017. Metabolic
integration of bacterial endosymbionts through antimicrobial peptides.
Trends Microbiol 25:703–712. https://doi.org/10.1016/j.tim.2017.04.007.
Shigenobu S, Stern DL. 2012. Aphids evolved novel secreted proteins for
symbiosis with bacterial endosymbiont. Proc Biol Sci 280:20121952.
https://doi.org/10.1098/rspb.2012.1952.
Alizon S, de Roode JC, Michalakis Y. 2013. Multiple infections and the
evolution of virulence. Ecol Lett 16:556 –567. https://doi.org/10.1111/ele
.12076.
de Roode JC, Pansini R, Cheesman SJ, Helinski ME, Huijben S, Wargo AR,
Bell AS, Chan BH, Walliker D, Read AF. 2005. Virulence and competitive
ability in genetically diverse malaria infections. Proc Natl Acad Sci U S A
102:7624 –7628. https://doi.org/10.1073/pnas.0500078102.
Nowak MA, May RM. 1994. Superinfection and the evolution of parasite
virulence. Proc Biol Sci 255:81– 89. https://doi.org/10.1098/rspb.1994
.0012.
Fisher RM, Henry LM, Cornwallis CK, Kiers ET, West SA. 2017. The
evolution of host-symbiont dependence. Nat Commun 8:15973. https://
doi.org/10.1038/ncomms15973.
Douglas AE. 2014. Molecular dissection of nutrient exchange at the
insect-microbial interface. Curr Opin Insect Sci 4:23–28. https://doi.org/
10.1016/j.cois.2014.08.007.
Udvardi M, Poole PS. 2013. Transport and metabolism in legumerhizobia symbioses. Annu Rev Plant Biol 64:781– 805. https://doi.org/10
.1146/annurev-arplant-050312-120235.
deLong DM, Freytag PH. 1964. Four genera of the world Gyponinae: a
synopsis of the genera Gypona, Gyponana, Rugosana, and Reticana. Bull
Ohio Biol Surv 2:1–227.
Hamilton KGA. 1985. The Graphocephala coccinea complex in North
America (Homoptera, Auchenorrhyncha, Cicadellidae). Entomol Abhandlungen 49:105–111.
Dietrich C. 2005. Keys to the families of Cicadomorpha and subfamilies
and tribes of Cicadellidae (Hemiptera: Achenorrhyncha). Fla Entomol
88:502–517. https://doi.org/10.1653/0015-4040(2005)88[502:KTTFOC]2.0
.CO;2.
Altschul SF, Gish W, Miller W, Myers EW, Lipman DJ. 1990. Basic local
alignment search tool. J Mol Biol 215:403– 415. https://doi.org/10.1016/
S0022-2836(05)80360-2.
Bankevich A, Nurk S, Antipov D, Gurevich AA, Dvorkin M, Kulikov AS,
Lesin VM, Nikolenko SI, Pham S, Prjibelski AD, Pyshkin AV, Sirotkin AV,
Vyahhi N, Tesler G, Alekseyev MA, Pevzner PA. 2012. SPAdes: a new
genome assembly algorithm and its applications to single-cell sequencing. J Comput Biol 19:455– 477. https://doi.org/10.1089/cmb.2012.0021.
Aziz RK, Bartels D, Best AA, DeJongh M, Disz T, Edwards RA, Formsma K,
Gerdes S, Glass EM, Kubal M, Meyer F, Olsen GJ, Olson R, Osterman AL,
Overbeek RA, McNeil LK, Paarmann D, Paczian T, Parrello B, Pusch GD,
Reich C, Stevens R, Vassieva O, Vonstein V, Wilke A, Zagnitko O. 2008.
The RAST server: Rapid Annotations using Subsystems Technology. BMC
Genomics 9:75. https://doi.org/10.1186/1471-2164-9-75.
Van Leuven JT, Meister RC, Simon C, McCutcheon JP. 2014. Sympatric
speciation in a bacterial endosymbiont results in two genomes with the

