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ABSTRACT: The design of synthetic cells requires a detailed
understanding of the relevance of genes and gene networks
underlying complex cellular phenotypes. Transposon-sequenc-
ing (Tn-seq) and constraint-based metabolic modeling can be
used to probe the core genetic and metabolic networks
underlying a biological process. Integrating these highly
complementary experimental and in silico approaches has
the potential to yield a highly comprehensive understanding
of the core networks of a cell. Specifically, it can facilitate the
interpretation of Tn-seq data sets and identify gaps in the data
that could hinder the engineering of the cellular system, while
also providing refined models for the accurate predictions of
cellular metabolism. Here, we present Tn-Core, the first easy-to-use computational pipeline specifically designed for integrating
Tn-seq data with metabolic modeling, prepared for use by both experimental and computational biologists. Tn-Core is a
MATLAB toolbox that contains several custom functions, and it is built upon existing functions within the COBRA Toolbox
and the TIGER Toolbox. Tn-Core takes as input a genome-scale metabolic model, Tn-seq data, and optionally RNA-seq data,
and returns: (i) a context-specific core metabolic model; (ii) an evaluation of redundancies within core metabolic pathways, and
optionally (iii) a refined genome-scale metabolic model. A simple, user-friendly workflow, requiring limited knowledge of
metabolic modeling, is provided that allows users to run the analyses and export the data as easy-to-explore files of value to both
experimental and computational biologists. We demonstrate the utility of Tn-Core using Sinorhizobium meliloti, Pseudomonas
aeruginosa, and Rhodobacter sphaeroides genome-scale metabolic reconstructions as case studies.
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The use of synthetic biology to engineer cell factories
through genome-wide modifications will require systems

biology approaches that allow for an understanding of all cellular
components and regulatory elements underlying complex
biological phenotypes.1,2 An emerging tool within this area is
transposon-sequencing (Tn-seq), and related variants such as
INSeq, TraDIS, and HITS.3,4 These techniques allow for
genome-wide screens of the fitness contribution of all genes to
growth in a defined environment. After preparing a library of
hundreds of thousands of mutants each containing a random
transposon insertion, the library is pooled and passed through a
selective environment. Next-generation sequencing is used to
identify the location of all transposon insertions in the output
cell population, and the number of insertions per gene is used as
a measure of the fitness consequence of mutating the gene;
insertions decreasing fitness will be lost from the population and
therefore under-represented in the sequencing data. Interest-
ingly, Tn-seq and RNA-sequencing (RNA-seq) data sets do not
necessarily correspond.5 This demonstrates that gene fitness and
expression are not inherently linked and highlights how Tn-seq
and RNA-seq experiments provide distinct but complementary
types of information.

The results of Tn-seq studies undoubtedly provide invaluable
insights into the metabolism and biology underlying a
phenotype of interest, and they can serve as a basis for genome
engineering. For example, Tn-seq has been used to identify
genes contributing to antibiotic or phage resistance,6,7 virulence
factors,8,9 establishment of a symbiotic interaction,10 and
motility,11 among others. However, epistatic interactions,
particularly functional redundancy, prevents Tn-seq from
providing a comprehensive identification of the genes relevant
to the studied phenotype. This was highlighted by the results of
recent studies demonstrating that ∼10% of chromosomal genes
in Sinorhizobium meliloti display a fitness phenotype dependent
on the presence/absence of the two large secondary
replicons.12,13 Similarly, multiple studies have observed that
orthologous genes of closely related species may display unique
fitness patterns,12,14,15 likely due in part to species-specific
genetic interactions. Potentially pervasive genetic interactions
masking phenotypes within bacterial genomes has also been
demonstrated by several other studies.8,16−18
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The resulting knowledge gaps can hinder synthetic biology
attempts at leveraging the data from Tn-seq studies in synthetic
biology and biotechnology applications.14,19 It is therefore
imperative to develop methods to overcome this limitation.
With respect to metabolic pathways, genome-scale metabolic
network reconstruction (GSMR)20 and constraint-based
metabolic modeling (CBMM)21 are ideally suited to fulfill this
role. GSMRs are in silico representations of the entire metabolic
potential of the cell, with each reaction linked to the
corresponding enzyme(s) and its gene(s), providing a link
between genetics and metabolism.22 CBMM using optimality
based approaches such as Flux Balance Analysis (FBA)23 can
then be used to predict the metabolic flux distribution through
the GSMR, and comprehensively predict the phenotypes of
single, double, or higher-order gene mutations or reaction
perturbations.24 Nowadays, GSMRs for a large number of
species have been prepared; the BiGG database contains 85
publicly available models,25 and many more are available
elsewhere.
Over the past few years, an increasing number of studies have

begun to employ both Tn-seq and metabolic modeling due to
their highly complementary nature.10,24−29 These have generally
used the Tn-seq data in manual refinement of the gene-reaction
associations of the GSMR,26−28 or to compare essential gene
predictions by these two approaches.29,30 Intriguingly, recent
work demonstrated that a manual Tn-seq-guided reconstruction
of a core metabolic network can help illuminate and fill-in the
gaps present in the Tn-seq data,12 producing a more
comprehensive understanding of core cellular metabolism
than is possible with either approach alone. Several algorithms
exist for the automated integration of -omics data with GSMRs
with the goal of extracting a smaller, context-specific metabolic
model. This most commonly involves integrating gene
expression data, constraining the allowable flux across each
reaction based on the expression level(s) of the corresponding
gene(s).31,32 Similar approaches exist for combining GSMRs
with proteomics,33 fluxomics,34 and metabolomics data.35

However, we are unaware of any algorithms or pipelines

specifically developed for the automated integration of Tn-seq
data with GSMRs.
Here, we report Tn-Core, a MATLAB toolbox for integration

of Tn-seq (and optionally RNA-seq) data sets with GSMRs.
Development of Tn-Core was motivated by a desire to produce
an easy-to-use pipeline for the automated integration of Tn-seq
data with metabolic models that requires limited knowledge of
metabolic modeling. The Tn-Core Toolbox contains functions
to (i) generate context-specific core metabolic models through
integration of Tn-seq data using a gene-centric approach; (ii)
evaluate redundancy within core metabolic pathways; and (iii)
perform Tn-seq-guided refinement of the gene-protein-reaction
(GPR) rules in a GSMR. The outputs of the pipeline can serve as
a framework for interpretation of Tn-seq data, can be used to
identify gaps in Tn-seq data sets, can provide a basis for
metabolic engineering of a cell, and can be used in downstream
metabolic modeling applications.

■ RESULTS AND DISCUSSION

Implementation of the Tn-Core Toolbox. The current
version of the Tn-Core Toolbox consists of 14 functions. The
toolbox is written in MATLAB code, and is built upon existing
functions within the COBRA and TIGER Toolboxes.36,37 Tn-
Core, together with a detailed manual, is available through
GitHub (github.com/diCenzo-GC/Tn-Core), and future re-
leases will be available through the same link. The functionality
of the entire toolbox has been validated on two machines
running different versions of MATLAB (R2015b, R2017a) and
distinct COBRA toolbox setups (openCOBRA downloaded 05/
2017 and 08/2017). We therefore expect that Tn-Core should
work in a broad range of computing environments.
Tn-Core was developed to facilitate the integration of Tn-seq

data with metabolic models, with the aim to assist in the
interpretation of Tn-seq data sets, as well as to generate context-
specific core metabolic models for further computational
analyses. The toolbox can be largely divided into three main
modules (Figure 1): (i) development of context-specific core
metabolic models consistent with experimental gene fitness

Figure 1. Schematic representation of themain functionalities of Tn-Core. In both panels, dashed lines indicate optional steps. (A) Themain workflow
for extraction of a Tn-seq-consistent core metabolic model, as well as its use in refining a genome-scale metabolic model. (B) The main workflow for
evaluation of redundancy within core metabolic pathways.
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data; (ii) evaluation of genetic and metabolic redundancy within
core metabolic pathways; and (iii) refinement of genome-scale
metabolic models based on gene fitness data. Sample outputs
from each of the three main functions of Tn-Core are provided
in Data sets S1−S3 to highlight the types of data obtained. A
straightforward and customizable overall workflow function for
running Tn-Core from data import to data export is included in
the toolbox. This overall workflow is designed to require limited
knowledge of metabolic modeling procedures; nevertheless, the
user must be able to identify the exchange reactions to set the
simulated medium and to identify the objective function.22,36

We are also developing an online Web server implementing Tn-
Core (at combo.dbe.unifi.it/tncore) that will allow running the
tool as a web application
Generation of Core Metabolic Models. Several algorithms

exist for the evaluation of context-specific metabolism through
the integration of expression (microarray) data with
GSMRs.32,38 One of the most commonly used approaches is
GIMME.39 In the GIMME algorithm, genes expressed above a
specified threshold are turned on, and the rest of the genes are
turned off. If the model does not carry flux through the objective
function (i.e., the model cannot produce biomass), a minimal
number of genes initially turned off are reactivated based on
minimizing the inconsistency; put simply, higher expressed
genes are preferred over lower expressed genes. We wished to
employ a GIMME-based approach for extraction of core
metabolic models on the basis of Tn-seq data. However, as
Tn-seq fitness data is fundamentally different than expression
data, it is not possibly to simply run GIMME substituting gene
fitness data for the expression data. There are at least two related
features of GIMME (illustrated in Figure 2) that, while
appropriate for expression data, are not valid for fitness data:
(i) a short pathway or small protein complex encoded by genes
with a weak fitness contribution may be preferred over a long
pathway or large protein complex involving genes with a
moderate fitness contribution or a mix of genes with strong and
weak fitness contributions, and (ii) a pathway with all genes
having moderate fitness contribution may be preferred over a
pathway with a mix of genes with strong and weak fitness
contribution. To overcome these issues, we developed a pipeline
built upon the iterative use of FASTCORE40 followed by
GIMME. FASTCORE is an algorithm that extracts core models
from a GSMR on the basis of a user-provided set of core
reactions. Given a GSMR and a reaction list, FASTCORE
returns a reaction list that maximizes the number of reactions
from the list that can carry flux, while minimizing the number of
additional reactions that must be added.40

The pipeline is summarized in Figure 1A and in the
pseudocode of Algorithm S1. Additional details of the
underlying logic are provided in the Supplementary Text. The
minimum input required by Tn-Core is (i) a GSMR, and (ii)
Tn-seq data for each gene, where a lower number reflects an
increased fitness contribution (e.g., the number of insertions per
gene, normalized by gene length). The pipeline can optionally
consider RNA-seq data, as RPKM or TPM values, in addition to
the Tn-seq data. Genes embedded within the model are
categorized into four fitness categories (strong, moderate, weak,
and no fitness contribution) based on the Tn-seq data. When
RNA-seq data are provided, the no fitness contribution category
is split into two groups: highly expressed, and not highly
expressed. FASTCORE is then iteratively run, forcing optimal
flux through the objective reaction (i.e., maximal biomass
production), while successively removing reactions associated

with genes having no, weak, and moderate fitness contribution
that are both (i) not required for model growth, and (ii) not
required to complete a pathway associated with at least one gene
above the current fitness category of interest. Once the
FASTCORE-based reaction pruning is complete, gene associ-
ations aremodified to remove protein complexes if an alternative
complex contains at least one gene in a higher fitness category.
Next, the gene-centric TIGER version of GIMME37,39 is used
with binned fitness values (Figure S1) to produce a list of genes
to be included in the final core model. As the genes identified as
active in GIMME are not always sufficient to produce a
COBRA-formatted model capable of carrying flux through the
objective function (i.e., unable to grow), a minimal set of
additional genes are included in the final model, with genes with
higher fitness contributions favored. At the same time, all highly
expressed genes in the RNA-seq data, if provided, can be
optionally reintroduced into the core model. As illustrated
schematically in Figure 2, the Tn-Core workflow is capable of
better selecting the pathways for inclusion in the core model on
the basis of gene fitness data.

Evaluation of Redundancy. The function described above
extracts a core metabolic model from a GSMR. This can assist in
the interpretation and understanding of the core metabolism

Figure 2. Toy pathways demonstrating key characteristics of Tn-Core
during core model extraction. In each panel, metabolites are
represented by the black capital letters, genes are represented by the
blue numbers, and pathways are indicated by the red roman numerals.
The Ess Threshold indicates the threshold for a gene to be essential (in
these examples, a higher value indicates the gene has a greater
contribution to fitness). The tables below the schematics lists the Tn-
seq determined fitness value for each gene (column Fit), and the
expected outcome when running GIMME or Tn-Core (Present, gene
remains in the core model; Absent, gene is not in the core model). (A)
Demonstration of how Tn-Core would favor the inclusion of a long
pathway with a mix of essential and nonessential genes over the
inclusion of a short, nonessential pathway. (B) Demonstration of how
Tn-Core would favor the inclusion of a pathway with a mix of essential
and nonessential genes over the inclusion of an equal length pathway
with genes consistently categorized as having a weak ormoderate fitness
contribution. (C) Demonstration of how Tn-Core would favor
inclusion of a multiprotein complex with a mix of genes with strong
and no fitness contributions over the inclusion of an alternative protein
that is nonessential.
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underlying a specific growth condition. It does not, however,
allow for an analysis of redundancy in the core metabolic
network.12 Therefore, a “brute force” implementation of
GIMME was prepared that allows for analysis of gene-level
and reaction-level redundancies and modules in core metabo-
lism. The overall pipeline for analysis of redundancy is
summarized in the pseudocode provided in Algorithm S2 and
graphically in Figure 1B, and additional details of the underlying
logic are provided in the Supplementary Text. The minimum
input is a COBRA-formatted metabolic model; optionally, Tn-
seq data and/or RNA-seq data can be provided. A list of genes to
be “protected” during core model generation is prepared based
on essential genes in the Tn-seq data and/or highly expressed
genes in the RNA-seq data, plus all genes essential for sustaining
growth (i.e., biomass production) of the input GSMR. A user-
defined number of randomized core models are then generated
as follows. For each iteration, the “non-protected” gene list is
randomly shuffled. Starting from the top of the list, the genes are
successively deleted from the input GSMR. If the flux through
the objective function stays above the threshold, the gene is
excluded from the model; otherwise, the gene is put back into
the model to maintain flux through the objective function above
the threshold. The order in which genes are deleted from a
model can alter the content of the final model. For example, if
Gene A and Gene B redundantly encode the same essential
protein product, only the gene lower on the list will remain in the
output model. As such, the end result of this process is a
population of core metabolic models, each containing the
initially protected genes and a minimal set of additional genes
necessary to maintain objective function flux above the
threshold. As the order genes are deleted from the model is
shuffled at each iteration, each core model could potentially be
unique. Additionally, if Tn-seq data are provided, the coremodel
most consistent with the gene fitness data is recorded as
described in Algorithm S2.
Functions are provided to explore the gene and reaction

differences in the core metabolic models produced through the
above-described process as a way of summarizing and
identifying functional redundancies and functional modules. A
binary presence/absence matrix is given, which indicates, for
each model, which features are present or absent. A co-
occurrence matrix is also provided; for each feature variably
present in the core model population, a Chi-squared statistic is
reported to indicate the feature pairs that are more likely than
chance to appear, or not appear, in the same core models.
Additionally, an easily searchable co-occurrence table is
provided, indicating the prevalence of each gene and each
gene-pair in the core model population, and the expected
prevalence of each gene-pair. Finally, if core models are
generated multiple independent times, for example, using
different objective flux thresholds, a matrix can be produced
comparing the percentage of models in each core model
population that contains each feature (Data set S2).
Refinement of GPRs in Genome-Scale Metabolic Models.

The preparation of high-quality GSMRs is a time and effort
intensive process. Several automated metabolic network
reconstruction pipelines are now available. However, they rely
on automated genome annotations that can be quite error
prone,41 meaning that intensive manual refinement of the
automated reconstructions remains necessary in order to correct
errors.22 One of the errors in automated reconstructions is the
incorrect assignment of multiple genes to the same core
metabolic reaction. In the absence of experimental data, it can be

difficult to correct such errors; however, Tn-seq data is ideally
suited to help guide the correction of these errors.11,26,27,29 We
therefore provide an extension of the main functionality of Tn-
Core to assist in the automated curation of GSMRs using Tn-seq
data.
In this process (summarized in Algorithm S3, Figure 1A, and

the Supplementary Text), a core metabolic model is first
extracted from the GSMR on the basis of the provided Tn-seq
data. Next, for any core model reaction with a gene classified as
essential based on the Tn-seq data, the GPR rules of the
corresponding reaction in the original GSMR are replaced with
those of the core reconstruction. The function then returns this
refined GSMR, as well as a report indicating the changes that
were made (see Data set S3 for example output). Tn-Core will
also, in some cases (see Supplementary Text) suggest that
certain GPR rules be modified to replace “or” statement with
“and” statements. These suggestions are listed in the report, but
they are not incorporated in the refined model by Tn-Core.

Validation of Tn-Core Functionality. Analysis of the
Accuracy of Tn-Core Using a S. meliloti GSMR. To validate the
accuracy and utility of core model extraction by Tn-Core, the
toolbox was tested with a modified version (see Methods) of the
previously prepared iGD1575 GSMR of S. meliloti,42 and
published Tn-seq12 and RNA-seq43 data sets for S. meliloti
grown inminimal mediumwith sucrose as the carbon source. An
advantage of working with S. meliloti for validation of Tn-Core is
the existence of a core metabolic reconstruction, termed
iGD726,12 that was manually prepared through a Tn-seq-guided
reconstruction process. The iGD726 reconstruction therefore
serves as a positive control, roughly representing the expected
output of Tn-Core; however, differences between iGD726 and
iGD1575, including in the biomass composition, means that a
core model extracted from iGD1575 will never fully resemble
iGD726.
Three core models were extracted from iGD1575 using the

three main implementations of Tn-Core: (i) using only Tn-seq
data; (ii) using Tn-seq and RNA-seq data; and (iii) using Tn-seq
and RNA-seq data, with highly expressed genes added back to
the core model following core model generation. The main
features of each core model are summarized in Table 1, and the

Table 1. Summary Statistics of the S. meliloti GSMR and
Various Core Models

modela reactions

gene
associated
reactions metabolites genes

essential
genesb

iGD1575 1828 1411 1579 1575 223
iGD726 681 632 703 726 356
Tn-Core
-RNA

530 464 524 486 309

Tn-Core +
RNA 1

532 466 527 493 309

Tn-Core +
RNA 2

550 484 539 517 298

GIMME Tn-
seq

637 507 613 483 289

FASTCORE 556 488 544 732 246
minNW 501 430 525 695 256
GIMME
RNA-seq

646 516 615 513 288

aA description of each model is provided in the caption of Figure 3.
bThe number of genes essential in the Tn-seq data set that are also
essential in the metabolic model.
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core models are provided as COBRA formatted models and
Excel worksheets in Data set S1 to provide examples of the Tn-
Core output. Inclusion of the RNA-seq data (without adding
back highly expressed genes) had only a minor effect on the size
of the core model compared to using just Tn-seq data. This was
expected as RNA-seq data serves to assist in the selection of
gene(s) when alternatives exist but does not directly add genes
to the model. However, the RNA-seq data influenced the
composition of the coremodel, although themajority of the core
model content remained consistent; approximately 93% of the
genes were common to both models, while approximately 97%
of the reactions were conserved. An example difference is tpiA
and tpiB, which both encode triose phosphate isomerases. These
genes are functionally redundant, at least for growth with some
carbon sources.44 The core model produced without RNA-seq
data included tpiB, whereas the model with RNA-seq data
instead included tpiA; expression of tpiA was ∼7.5-fold higher
than that of tpiB in the RNA-seq data set. When Tn-Core was
run with highly expressed genes added back into the model
following preparation of the core model, a slightly larger model
was produced than during the other two implementations of Tn-
Core.
The ability of the core models produced by Tn-Core to

capture context-specific core metabolism was examined by
predicting the fitness contribution of central carbon metabolic
genes (Figure 3). All tested genes were predicted to be
nonessential in iGD1575, presumably due to network
redundancy. In contrast, all but two of the genes are predicted

to be essential in the manually prepared core model iGD726,
with gnd and tal correctly predicted as nonessential.12,45 The
gene fitness patterns for the two core models produced by Tn-
Core with or without RNA-seq data (without adding back highly
expressed genes) were the same. Both models correctly
predicted 18 of 18 essential genes. The gene gnd was absent
from both models, and therefore correctly identified as
nonessential. However, like iGD726, pykA was essential in
both core models unlike the Tn-seq data where pykA was
nonessential but with an obvious fitness contribution. The sole
difference compared to iGD726 was that tal was predicted as
essential in the core models. As described later, this is related to
the core nature of the Tn-Core generated models; when
multiple, alternative pathways exist, only one will be included in
the output, resulting in that pathway appearing essential.
Overall, these results confirm that Tn-Core is able to accurately,
and rapidly, extract a coremetabolic model from an input GSMR
that is highly consistent with experimental Tn-seq derived
fitness data.
When Tn-Core was run with the option to reintroduce highly

expressed genes into the model following the preparation of the
core model, two genes became nonessential: sucA in the Kreb’s
cycle and atpG in the ATP synthase complex of the electron
transport chain (Figure 3). We therefore generally suggest
against the use of this option; however, there may be times when
this option produces information of interest to users, for
example, in helping identify putative redundancies.

Comparison of S. meliloti Core Model Extraction by Tn-
Core to Other Approaches. There is currently no tool explicitly
comparable to Tn-Core as none considers experimental Tn-seq
data during core model generation. Nevertheless, to evaluate
whether Tn-Core performs a function that is currently lacking
among the available tools, we compared the effectiveness of Tn-
Core to that of pipelines using existing algorithms with simple
modifications to deal with Tn-seq data. These pipelines used
either GIMME,37,39 FASTCORE,40 or minNW,46 as described
in the Methods. The GIMME pipeline is gene-centric (i.e.,
adds/removes genes, consequently influencing reaction con-
tent), and takes as input appropriately modified Tn-seq data. In
contrast, the FASTCORE and minNW pipelines are reaction-
centric (i.e., directly adds/removes reactions), and require as
input a set of reactions, not genes, to be protected during core
model generation. To adapt these latter two algorithms for use
with Tn-seq data, the protected reactions were set as those
reactions that were constrained upon deletion of the genes
essential in the Tn-seq data set.
Themain properties of themodels are summarized in Table 1.

Compared to the core model produced with Tn-Core using only
Tn-seq data, the core model generated with the GIMME
algorithm contained ∼20% more reactions but a similar gene
count. In contrast, the models produced by FASTCORE and
minNWwere similar in reaction count to the Tn-Core produced
model (∼5% more or less reactions, respectively), but were
larger in terms of gene count (43% to 50% more). The higher
gene count for the core models produced with FASTCORE and
minNW is presumably due to the reaction-centric nature of the
algorithms, and consequently, the lack of refinement of the genes
associated with the included reactions. Additionally, the core
models produced by these three pipelines embeded between
89% and 96% of the genes, and between 83% and 97% of the
reactions, present in the Tn-Core produced model.
More importantly than the model size and content is how

accurate the models capture the core metabolism as represented

Figure 3.Comparison of predicted fitness scores for central carbon and
energy metabolic genes in the S. meliloti models. Representative genes
from central carbon and energy metabolism are shown; those in bold
are essential based on the Tn-seq data. For each gene, an empty (white)
circle is shown if the gene is absent from themodel; otherwise, the circle
is colored according to the effect of deleting the gene on the growth rate
of the model (determined using the MOMA algorithm). A value of 100
means no growth impairment (i.e., growth at 100% the rate of wild-
type), whereas a value of 0 means the gene deletion was lethal. The
models included in the figure are as follows: the full S. meliloti genome-
scale metabolic reconstruction (iGD1575); the manually produced
core metabolic reconstruction (iGD726); three models produced from
iGD1575 using Tn-Core (without RNA-seq [Tn-Core -RNA], with
RNA-seq [Tn-Core + RNA 1], and with RNA-seq plus reintroduction
of highly expressed genes [Tn-Core + RNA 2]); core models derived
from iGD1575 using Tn-seq data and pipelines based on GIMME,
FASTCORE, or minNW; and a core model derived from iGD1575
using RNA-seq data and a pipeline based on GIMME (∗). Although the
gene pykA was not essential, the Tn-seq data suggested that it is highly
important for growth.
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in the Tn-seq data. In this respect, Tn-Core clearly out-
performed all three of the tested pipelines when using central
carbon and energy metabolism as a proxy. Whereas all 18 of the
essential genes in these pathways were correctly predicted as
essential by Tn-Core, 5, 12, and 8 of these genes were incorrectly
predicted as nonessential by the GIMME, FASTCORE, and
minNW based pipelines (Figure 3). Additionally, 309 genes
essential in the Tn-seq data set were also essential in the Tn-
Core derived core model, compared to 223 in the initial GSMR
(Table 1). In contrast, only 289, 246, and 256 of the Tn-seq
essential genes were essential in the core models derived by the
GIMME, FASTCORE, and minNW pipelines, respectively
(Table 1). These results confirm that Tn-Core fulfills a function
that is currently lacking among the available algorithms.
We further compared the results of Tn-Core with a context-

specific model produced by GIMME using only RNA-seq data,
the original purpose of GIMME. As expected given the different
input data, the resulting context-specific model differed from the
models produced by Tn-Core and by GIMME using Tn-seq
data (Table 1 and Figure 3). In terms of the fitness predictions
for central carbon and energy metabolic genes, the model
produced on the basis of the RNA-seq data was comparable to
the model produced by GIMME using Tn-seq data, but less
accurate than the models produced by Tn-Core (Figure 3).
Additionally, only 288 Tn-seq essential genes were essential in
the core model produced by GIMME with RNA-seq data,
compared to the 309 that are present in the Tn-Core derived
model (Table 1). These results demonstrate that the use of Tn-
seq data or RNA-seq data during extraction of a core metabolic
model may influence the final model content. These results
further suggest that, when available, the use of Tn-seq data may
lead to a core model that better represents the true core
metabolism.
Validation of Tn-Core Using P. aeruginosa and R.

sphaeroides GSMRs. To confirm that the functionality of Tn-
Core is not limited to iGD1575, the toolbox was further
validated using GSMRs of Pseudomonas aeruginosa and
Rhodobacter sphaeroides. For P. aeruginosa, the iPae1146
GSMR27 was used with published Tn-seq15 and RNA-seq47

data for P. aeruginosa PAO1 grown in a minimal medium with
succinate as the carbon source. Tn-Core successfully produced
working core metabolic models from iPae1146 that consisted of
261 genes and 390 reactions. There were 151−152 genes
essential in the Tn-seq data set that were also essential in the
core models, compared to 122 genes in the input GSMR (Table
2). As with iGD1575, running Tn-Core with just Tn-seq data, or
with both Tn-seq and RNA-seq data sets, had little effect (Table
2), with∼95% of the genes and 99% of the reactions common to
both core models. In central carbon metabolism, seven of the
eight examined genes were correctly predicted to be essential in
the Tn-Core-derived models (Figure 4). The only gene
incorrectly predicted to be nonessential was gap, which, as
described later, was due to an error in the input GSMR.
Additionally, the Tn-Core-derived core model predicted two
genes (tal, pckA) to be essential that were not essential in the Tn-
seq data set (Figure 4). We cannot determine if these represent
false positives or gaps in the Tn-seq data; however, in support of
the latter option, we note that both genes were essential for the
growth of R. sphaeroides with succinate as a carbon source.28

Finally, Tn-Core performed at least as good as the other
pipelines that were tested using Tn-seq data. The core models
produced with the other three pipelines contained between 10
and 127 more genes than the Tn-Core derived models, while

between 132 and 151 genes were correctly predicted to be
essential (Table 2 and Figure 4). Overall, the data are consistent
with Tn-Core producing a core model that accurately captures
the core metabolism of P. aeruginosa in the tested growth
environment.
GIMME was used to extract a context-specific model of

iPae1146 on the basis of RNA-seq data without considering Tn-
seq data. The resulting model was fairly different than the
models produced by Tn-Core; although 92% of reactions in the
Tn-Core-derived models were present in the GIMME-derived
model, only 81% of genes were shared. Nevertheless, at a global
level, the core model produced by GIMME did a good job of
capturing the Tn-seq fitness data, although perhaps not quite as
good as Tn-Core (Table 1 and Figure 4). There were 142 genes
correctly predicted to be essential in the coremodel produced by

Table 2. Summary Statistics of the P. aeruginosa GSMR and
Various Core Models

modela reactions

gene
associated
reactions metabolites genes

essential
genesb

iPae1146 1496 1271 1284 1146 122
Tn-Core
-RNA

390 363 382 261 151

Tn-Core +
RNA

390 363 382 264 152

GIMME Tn-
seq

549 428 543 271 151

FASTCORE 429 400 421 388 138
minNW 353 328 361 344 132
GIMME
RNA-seq

576 455 565 289 142

aA description of each model is provided in the caption of Figure 4.
bThe number of genes essential in the Tn-seq data set that are also
essential in the metabolic model.

Figure 4.Comparison of predicted fitness scores for central carbon and
energy metabolic genes in the P. aeruginosa models. Representative
genes from central carbon and energy metabolism are shown; those in
bold are essential based on the Tn-seq data. For each gene, an empty
(white) circle is shown if the gene is absent from the model; otherwise,
the circle is colored according to the effect of deleting the gene on the
growth rate of the model (determined using the MOMA algorithm). A
value of 100 means no growth impairment (i.e., growth at 100% the rate
of wild-type), whereas a value of 0 means the gene deletion was lethal.
The models included in the figure are as follows: the full P. aeruginosa
genome-scale metabolic reconstruction (iPae1146); two models
produced from iPae1146 using Tn-Core (without RNA-seq [Tn-
Core -RNA], with RNA-seq [Tn-Core + RNA]), core models derived
from iPae1146 using Tn-seq data and pipelines based on GIMME,
FASTCORE, and minNW; and a core model derived from iPae1146
using RNA-seq data and a pipeline based on GIMME.
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GIMME, compared to 151 or 152 in the core models produced
by Tn-Core (Table 1). This difference included two genes
(sucA, atpG) in central carbon and energy metabolism that were
correctly predicted as essential in the Tn-Core-derived models
but not in the GIMME-derived model (Figure 4).
Tn-Core was also effective at producing a core metabolic

model from the Rhodobacter sphaeroides iRsp1140 GSMR,48

using Tn-seq data28 for R. sphaeroides 2.4.1 grown in a minimal
medium with succinate as the carbon source. The Tn-Core-
derived core model well-represented the gene fitness patterns of
the examined central carbonmetabolic genes, and it did so better
than the core models prepared from the other tested pipelines
(Figure S2). Additionally, a greater number of the Tn-seq
essential genes were essential in the core model produced using
Tn-Core (202 genes) than in the original GSMR (159 genes) or
the core models produced with the other pipelines (167−192
genes; Table S1). Further discussion of these results is available
in the Supplementary Text.
Overall, the above simulations provide strong support that

Tn-Core can be applied with a broad range of GSMRs to extract
core metabolic models consistent with Tn-seq-derived fitness
scores. The analyses also indicate that context-specific models
derived from Tn-seq or RNA-seq data differ, highlighting how
integrating these distinct data types with GSMRs may provide
unique insights into the metabolism of an organism.
Limitations of Tn-Core for Extraction of Core Metabolic

Models.While the above sections demonstrate the utility of Tn-
Core to extract core metabolic models fromGSMRs on the basis
of gene fitness data, it is important to recognize the limitations of
this tool. Specifically, the quality of a core model is intrinsically
linked to the quality and completeness in the input GSMR. This
can be demonstrated by two results that were observed when
running Tn-Core with the iPAE1146 model.
The core model derived from iPAE1146 contained ∼220

fewer genes and 140 fewer reactions than the core model
produced from the S. meliloti iGD1575 reconstruction. The
difference in size is likely due to the inclusion of a larger
complement of vitamins and cofactors in the biomass
composition of iGD1575 compared to iPae1146. This highlights
how the completeness of the core model produced by Tn-Core
(and by methods using expression data) is dependent on the
completeness of the biomass composition. For example, if Tn-
Core is not told that peptidoglycan is part of the biomass, a
complete peptidoglycan biosynthetic pathway will not neces-
sarily be included in the core model, regardless of the Tn-seq
data.
We were surprised that the gene gap (PA3001) was not

essential in any of the iPae1146 core models despite being
essential in the P. aeruginosa Tn-seq data set. The gene PA3001
encodes a glyceraldehyde-3-phosphate dehydrogenase that
mediates the interconversion between glyceraldehyde-3-phos-
phate and 1,3-bisphosphoglycerate. During growth on gluco-
neogenic substrates such as succinate, this reaction proceeds in
the reverse direction. The iPae1146model contains two putative
NADP-dependent glyceraldehyde-3-phosphate dehydrogenases
(PA3001 and PA2323), and one putative NAD-dependent
glyceraldehyde-3-phosphate dehydrogenase (PA3195). Nota-
bly, only the NAD-dependent reaction was reversible in
iPae1146, while the NADP-dependent reaction was only
allowed to proceed in the forward direction and could therefore
not function during gluconeogenesis. As a result, gluconeo-
genesis in iPae1146, and consequently the core models, was
dependent on the NAD-dependent reaction, meaning that

PA3001, associated with the NADP-dependent reaction, was
nonessential. This example highlights how the accuracy of core
models produced by Tn-Core (and bymethods using expression
data) is constrained by the accuracy of the input GSMRs.

Use of Tn-Core for Identifying Redundancies within a
GSMR. In addition to extracting a Tn-seq-consistent core
metabolic model, Tn-Core can be used to evaluate redundancies
within core metabolism regardless of whether Tn-seq data are
available. We tested this function with GSMRs for five bacterial
species (S. meliloti,42 P. aeruginosa,27 Escherichia coli,49

Pseudoalteromonas haloplanktis,50 and Acinetobacter bauman-
nii51). Similar patterns were observed for all models, indicating
that the applicability of this function is not unique to a single
model. All matrixes and tables produced by Tn-Core to
summarize the redundancy in the S. meliloti iGD1575 GSMR
are provided in Data set S2 as examples of the exported data. As
summarized in Table S2, the running parameters influence the
extent of redundancy detected. The main parameters having an
effect are (i) whether or not Tn-seq and/or RNA-seq data are
included, (ii) the lower growth rate limit, and (iii) whether the
FBA algorithm or the MOMA algorithm is used. Generally, we
recommend the use of a 50% growth threshold, the use of Tn-
seq data when available, and using the FBA algorithm.
Extensive redundancy was detected within all GSMRs (Figure

5 and Figures S3−S7). The gene/reaction presence matrixes
(Figure 5A, 5B, Data set S2) serve as an overview of the
variability. In the case of S. meliloti, the core models produced
with the redundancy function contained an average of 433
genes, of which 286 genes (∼66%) are invariably present and the
rest are from a set of 780 genes variably present or absent from
themodels. In other words, a third of the coremetabolic genes in
the S. meliloti GSMR can be functionally replaced by alternative
genes or pathways. This level of redundancy in S. meliloti is
consistent with recent experimental work.12 The variable and
invariable core genes were mapped to KEGG pathways52 using
eggNOG-mapper53 to identify functional biases. Significant
redundancy was observed in a diversity of pathways, including
carbon, amino acid, and nucleotide metabolism. In contrast, the
most fundamental cellular processes appeared to lack redun-
dancy, such as transcription, translation, and aminoacyl-tRNA
biosynthesis.
The frequency that two genes or reactions occur in the same

model relative to chance are given in the co-occurrence tables
and matrixes, and the matrixes can be visualized as shown in
Figure 5C,D. These outputs can be used to identify modules that
work together (likely to co-occur), and genes or biochemical
pathways that are functionally redundant (unlikely to co-occur).
For all GSMRs used in this work, clear modules and redundant
genes/pathways could be observed in the matrixes (Figure 5 and
Figures S3−S7). Using these outputs, known gene and reaction
redundancies could be detected in the S. meliloti model. For
example, the two pathways for L-proline biosynthesis54 never
occurred in the same model; similarly, thiamine transport and
thiamine biosynthesis were unlikely to co-occur in the same
model. Additionally, the functionally redundant gene pairs edd
and sma0235, proC and smb20003, and argH1 and argH2 were
never present in the same core model.13

The gene talwas predicted to be essential in the S. meliloti core
models produced by Tn-Core, unlike in the manually prepared
iGD726 core model (Figure 3). Examining the redundancy
output indicated that tal and gnd were found in the same core
models less frequently than expected. We therefore examined
the effect of deleting both tal and gnd from iGD726; the double
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mutant was unable to produce biomass. Thus, the apparent
essentiality of tal in the Tn-Core produced models is likely
associated with the absence of gnd, and possibly other genes.
Both gnd and tal encode proteins involved in the pentose-
phosphate pathway.45,55 The central carbon metabolism of S.
meliloti is cyclic,56 and the pentose phosphate pathway is mostly
reversible. Our results are therefore consistent with mutation of
tal being nonessential in S. meliloti due to a bypass of the
metabolic block through a combination of the forward and
reverse activities of the pentose phosphate pathway.
Similarly, the pckA gene was predicted to be essential in P.

aeruginosa core models produced by Tn-Core, despite being
nonessential in the Tn-seq data set (Figure 4). Examining the
redundancy output revealed that pckA (whose product
synthesizes phosphoenolpyruvate from oxaloacetate) and ppsA
(whose product synthesizes phosphoenolpyruvate from pyr-
uvate) are highly unlikely to co-occur in the same core model;
indeed, the latter gene is absent in the core models produced by
Tn-Core. Thus, the nonessentiality of pckA in the Tn-seq data is
likely due to a bypass by the combined activities of PpsA and a
malic enzyme.
Together, the results presented in the previous paragraphs

confirm that the co-occurrence output of Tn-Core can be useful
in detecting metabolic redundancy in core bacterial metabolism,

and in understanding the biological causes underlying
experimentally observed gene fitness patterns. They may also
assist in identifying (and understanding) gaps in Tn-seq data
sets. For example, these functions demonstrated the importance
of synthesizing phosphoenolpyruvate from TCA cycle inter-
mediates by P. aeruginosa during growth with succinate, a
metabolic process whose essentiality was not immediately
obvious based solely on the Tn-seq data set.

Refinement of GSMRs with Tn-seq Data. To test the utility
of Tn-Core in refining GSMRs, we first validated the pipeline
using the S. meliloti iGD1575 model described above, a draft S.
meliloti model prepared using the KBase automated recon-
struction pipeline (kbase.us), and the P. aeruginosa iPae1146
model. This process resulted in the modification of the GPRs of
68 reactions in iGD1575 (and suggested the replacement of “or”
to “and” statements in the GPRs of 15 reactions), with 82 genes
removed from the model (refined models are available in
COBRA and Excel format in Data Set S1). For example, there
are two annotated 2-dehydro-3-deoxyphosphogluconate aldo-
lases in the S. meliloti genome (eda1 and eda2),57 and both genes
are associated with the corresponding reaction (rxn03884_c0)
in iG1575. Following refinement with Tn-Core, only eda2
remained associated with this reaction, consistent with the Tn-
seq data.12 In the case of the draft S. meliloti model, 120 GPRs
(∼10% of reactions) were modified following Tn-Core
mediated refinement (while the GPRs of 23 reactions were
suggested to have an “or” to “and” replacement), with 78 genes
deleted from the model. As with iGD1575, the reaction
rxn03884_c0 was modified to leave only eda2 as an associated
gene. Using the refinement function of Tn-Core, the GPRs of 41
reactions in the P. aeruginosa iPae1146 model were modified,
and five reactions were suggested to have an “or” to “and”
replacement in their GPRs.
Previously, the iRsp1140 model of R. sphaeroides was

manually refined based on Tn-seq data sets generated during
aerobic growth with succinate as a carbon source, as well as
during photosynthetic growth.28 We performed an iterative,
automated refinement of iRsp1140 with Tn-Core using the two
Tn-seq data sets, and then compared the results to the manual
refinement. The Tn-Core iterative refinement resulted in the
modification of the GPRs of 75 reactions (and suggested “or” to
“and” replacements in the GPRs of 33 reactions). Of these 75
reactions, 57 (75%) were also modified during the previously
performed manual refinement;28 similarly, the manual curation
involved “or” to “and” replacements in 21 of the 33 reactions
(64%) for which this was suggested by Tn-Core. While some of
the modifications unique to the automated refinement may
reflect correct changes that were missed during the manual
refinement, others may represent changes that were incorrectly
made by Tn-Core; at present, we cannot discriminate between
these possibilities. However, it is important to note that
automated refinement on the basis of a single Tn-seq data set
has the risk of over-refinement. Specifically, genes not expressed
under the given condition may be removed from the model
despite the product of those genes performing the annotated
function in other growth environments. This would result in
condition-specific genes becoming absolutely essential. We
therefore urge users to critically evaluate the results of the Tn-
Core refinement process; the output table can be used to guide a
manual refinement of themodel keeping only those changes that
the user is confident are likely correct. Additionally, only 48% of
the GPRs manually modified were also modified during the
automated refinement. Overall, these results demonstrate that

Figure 5.Modules and redundancies in the core metabolic pathways of
S. meliloti. Four primary matrixes generated by Tn-Core to summarize
redundancy and functional/genetic modules are shown. The Tn-Core
redundancy function was run using the S. meliloti iGD1575 genome-
scale metabolic reconstruction, with 25 000 iterations, a growth
threshold of 10%, without essential genes preidentified, without
RNA-seq data, and with the FBA algorithm. (A) Gene and (B)
reaction presence matrixes are shown for 1000 of the randomly
produced core models. Blue indicates the gene/reaction is present,
white indicates the gene/reaction is absent. (C) Gene and (D) reaction
co-occurrence matrixes are shown for the genes/reactions variably
present in the 25 000 core models. (E) The legend for the co-
occurrence matrixes is shown. The scale represents a Chi-squared
statistic that summarizes if the gene or reaction pair is more (yellow) or
less (blue) likely to occur in the same core model than by chance.
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Tn-seq data and Tn-Core can play a valuable role in a metabolic
model reconstruction and an automated curation pipeline. It
does not, however, fully replace the need of an accurate manual
curation.

■ CONCLUSIONS

Tn-seq and in silico metabolic reconstruction with constraint-
based modeling are highly complementary, systems-biology
approaches to characterize the biology of an organism. Tn-Core
provides automated, computational tools for integration of these
data sets for the analysis of core metabolic networks of bacteria,
and for the identification of gene and reaction level metabolic
redundancies. Despite currently growing in popularity, CBMM
still requires some computational skills to be fully exploited (e.g.,
a programming language like MATLAB or Python). This
toolbox has been prepared in a way to maximize accessibility to
both experimentalists and computational biologists, and it can
provide outputs of value to all researchers. Tn-Core returns
context-specific metabolic models in COBRA format for further
computational evaluation, and it can also assist in automated
refinement of GSMRs. At the same time, Tn-Core can export
Excel-formatted metabolic models that are easily searchable,
which can serve as a template for interpreting the genome-scale
fitness data generated through Tn-seq experiments. Tn-Core
can further return a set of tables and matrixes summarizing the
redundancy present within the core metabolic pathways,
assisting in identifying gaps in the gene fitness data. These
outputs can also serve as a guide for synthetic biology attempts at
engineering minimal cell factories. Going forward, we intend to
continue to improve and enlarge the Tn-Core toolbox with
additional functionality, as well as to develop an online Web
server (at combo.dbe.unifi.it/tncore) to further increase the
accessibility of these tools.

■ METHODS

General Metabolic Modeling Procedures. All data
presented here were generated using MATLAB 2016a (Math-
works), SBMLToolbox 4.1.0,58 libSBML 5.13.0,59 scripts from
the COBRA Toolbox (downloaded May 12, 2017 from the
openCOBRA repository),36 the TIGER Toolbox 1.2.0-beta,37

FASTCORE 1.0,40 minNW (downloaded September 10, 2017
from sourceforge.net/projects/minimalnetwork),46 and Tn-
Core 1.2. The Gurobi 7.0.1 solver (gurobi.com) was used
throughout; the exceptions were when running FASTCC,
FASTCORE, or minNW, in which cases the iLOG CPLEX
Studio 12.7.1 solver (ibm.com) was used. Effects of gene
deletion on growth was determined using the singleGeneDeletion
function and the MOMA algorithm. To ensure that core model
generation with the Tn-Core redundancy function did not
occasionally fail when using the MOMA algorithm, the
MOMA.m script of the COBRA Toolbox was modified at line
216 to treat unbounded solutions the same as infeasible
solutions. For all FBA simulations, the growth environments
were set to mimic the growth conditions used in generating the
Tn-seq data. The lower bounds of exchange reactions for
compounds found in the growth medium were opened, setting
carbon availability as the growth rate limiting factor; the lower
bounds of all other exchange reactions were set to zero.
Scripts to repeat the benchmarking, as well as the output data

generated in this work, are available at github.com/diCenzo-
GC/Tn-Core. The complete Tn-Core toolbox, together with a
reference manual, are freely available at github.com/diCenzo-

GC/Tn-Core, and future releases of the toolbox will be available
through the same link.

Metabolic Models and -Omics Data Sets. The S. meliloti
iGD1575,42 P. haloplanktis iMF721,50 A. baumannii iLP844,51 E.
coli iJO1366,49 P. aeruginosa iPae1146,27 R. sphaeroides
iRsp1140,48 and R. sphaeroides iRsp1140_opt28 models were
previously published. Prior to using iGD1575, the model
reaction content and biomass composition were modified as
described recently.12 Additionally, a FADH2-dependent ubiq-
uinone reductase reaction was added as this reaction was
observed to be missing. Prior to using iLP844, the genes
“Unknown1” through “Unknown160” were replaced with a
single gene called “Unknown”. The draft S. meliloti GSMR was
generated on the KBase Web server (kbase.us). The RefSeq
version of the S. meliloti genome was reannotated using the
“annotate microbial genome” function, maintaining the original
locus tags, following which an automated reconstruction was
built using the “build metabolic model” function with gap-filling.
All Tn-seq and RNA-seq data sets were collected from

published studies. The S. meliloti Tn-seq12 and RNA-seq43 data
were generated for S. meliloti cells grown in a minimal medium
with sucrose as the sole carbon source. The P. aeruginosa Tn-
seq15 and RNA-seq47 data were generated for P. aeruginosa cells
grown in a minimal medium with succinate as the sole carbon
source. The R. sphaeroides Tn-seq28 data were generated for R.
sphaeroides cells grown photosynthetically or aerobically in
minimal medium with succinate as the sole carbon source.

Core Model Extraction for Benchmarking. Four
approaches were used to generate core models from the
GSMR for comparison with the core models generated by Tn-
Core. Each approach was based on FASTCORE, minNW, or
GIMME. Each pipeline began by setting the correct boundary
conditions. Reactions involving dead-end metabolites were then
iteratively removed from the model, and unnecessary unknown
GPRs were deleted, using code from Tn-Core. The reduced
model was then used as input with each of the following
pipelines.
The initial set-ups for running the FASTCORE and minNW

pipelines were the same. FASTCC was used to identify the
consistent set of reactions in the GSMR, and this list of reactions
was used to extract the consistent model from the GSMR. The
Tn-seq data was then analyzed the same way as in the Tn-Core
pipeline to identify the Tn-seq essential genes. These genes were
deleted from the GSMR, and the resulting list of constrained
reactions was identified. The constrained reactions that were
also present in the FASTCC-derived consistent model were
collected as a list of protected reactions. FASTCORE was then
run using the consistent model and the protected reactions that
were determined in the previous step. Similarly, minNWwas run
with the same input model and the protected reaction list using
the bigM formulation. For both algorithms, the list of reactions
to be included in the core model was identified from the output,
and all other reactions (and associated genes and metabolites
not associated with another reaction) were removed from the
GSMR to produce the final core models.
For the GIMME-based pipeline involving Tn-seq data, the

Tn-seq data were log-transformed, all values multiplied by
negative 1, and the minimum value (which was negative) was
subtracted from all values. These transformations made the Tn-
seq data suitable for GIMME by giving the genes with strong
fitness contributions the highest value and setting the lowest
value equal to zero. The input model was converted to TIGER
format, and the Tn-Core adaptation of the TIGER version of
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GIMME was run to extract a core model using the Tn-seq data;
genes with a value greater than 3.5 standard deviations above the
median were considered essential (i.e., the default used in Tn-
Core). The genes identified as “on” in the GIMME output were
used to rebuild a functional core model in COBRA format using
code from Tn-Core.
The GIMME-based pipeline involving RNA-seq data was

largely the same as that for the Tn-seq data. The difference was
that unmodified RNA-seq data (as RPKM values) were used in
place of Tn-seq data, and genes with an RPKM value equal to at
least 0.02% of the sum of all RPKM values were considered
highly expressed.
KEGG Functional Mapping. The entire S. meliloti Rm1021

proteome was annotated with KEGG Orthology (KO) terms
using the eggNOG-mapper Web server52 with default settings.
All KO terms associated with the genes of interest were extracted
from the eggNOG output file, and they were used as input for
the ‘KEGG Mapper − Search Pathway’ function53 that linked
the KO terms to KEGG pathways. The abundances of the
KEGG pathways among the gene sets of interest were then
examined to identify functional biases.
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