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ABSTRACT Bacteria are not simply passive consumers of nutrients or merely
steady-state systems. Rather, bacteria are active participants in their environ-
ments, collecting information from their surroundings and processing and using
that information to adapt their behavior and optimize survival. The bacterial
regulome is the set of physical interactions that link environmental information
to the expression of genes by way of networks of sensors, transporters, signal
cascades, and transcription factors. As bacteria cannot have one dedicated sen-
sor and regulatory response system for every possible condition that they may
encounter, the sensor systems must respond to a variety of overlapping stimuli
and collate multiple forms of information to make “decisions” about the most
appropriate response to a specific set of environmental conditions. Here, we ana-
lyze Pseudomonas fluorescens transcriptional responses to multiple sulfur nutrient
sources to generate a predictive, computational model of the sulfur regulome.
To model the regulome, we utilize a transmitter-channel-receiver scheme of in-
formation transfer and utilize principles from information theory to portray
P. fluorescens as an informatics system. This approach enables us to exploit the
well-established metrics associated with information theory to model the sulfur
regulome. Our computational modeling analysis results in the accurate predic-
tion of gene expression patterns in response to the specific sulfur nutrient envi-
ronments and provides insights into the molecular mechanisms of Pseudomonas
sensory capabilities and gene regulatory networks. In addition, modeling the
bacterial regulome using the tools of information theory is a powerful and gen-
eralizable approach that will have multiple future applications to other bacterial
regulomes.

IMPORTANCE Bacteria sense and respond to their environments using a sophisti-
cated array of sensors and regulatory networks to optimize their fitness and survival
in a constantly changing environment. Understanding how these regulatory and
sensory networks work will provide the capacity to predict bacterial behaviors and,
potentially, to manipulate their interactions with an environment or host. Leveraging
the information theory provides useful quantitative metrics for modeling the infor-
mation processing capacity of bacterial regulatory networks. As our model accurately
predicted gene expression profiles in a bacterial model system, we posit that the in-
formation theory-based approaches will be important to enhance our understanding
of a wide variety of bacterial regulomes and our ability to engineer bacterial sensory
and regulatory networks.

KEYWORDS Pseudomonas fluorescens, regulome, systems modeling, transcriptomics

Bacteria may be simple organisms, no more than a few microns in length and
comprised from the interactions of a few thousand types of proteins, but they are

active, dynamic participants in virtually all ecosystems. Predatory bacterial species can
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hunt their prey in coordinated packs (1, 2), communicate with one another across
biofilms using electrical signals like a primitive nervous system (3, 4), and select
molecular compounds from an array of secondary metabolism biosynthetic pathways
to stun prey, escape predators, or manipulate eukaryotic organisms (5–12). These
activities highlight the abilities of bacteria to collect data from their surroundings, to
store and process that information, and to use it to adapt its behavior to maximize
fitness in their environment (13). This capacity for information processing is fundamen-
tal to understanding how bacteria survive in complex environments and respond to
stimuli.

Our appreciation of bacteria as cognitive entities has continued to grow as a
consequence of our increased understanding of the complex regulatory networks
that drive a bacterium’s interaction with its environment and with other organisms
(13–17). While a significant number of regulatory circuits have been identified in a
range of living organisms (18–20), the understanding of how these regulatory circuits
form an architecture that supports bacterial information processing and decision-
making remains elusive. As our view of bacteria evolves with respect to their role as
information computing systems, new opportunities to model bacterial networks in
terms of the collection, storage, and application of data become available (15, 17, 21,
22). Using the powerful and well-developed metrics and methods from information
theory allows us to consider bacteria as possessors of data as well as metabolizers of
nutrients. Here, we apply common tools and metrics for modeling and quantifying the
flow of information in a bacterial regulome. The regulome is the set of interacting
components of a cell that links information sensing to gene and protein function
regulation and may include networks of genes, genomic regulatory elements, proteins,
and RNA molecules (23, 24).

The sulfur regulome is defined here as the set of sensors, transcription factors (TFs),
and regulated genes responding to various levels of sulfur nutrient availability and
sulfur starvation. Pseudomonas fluorescens is a useful laboratory model for the investi-
gation of regulome networks as it is a genetically tractable organism, enabling direct
interrogation of the regulatory circuits controlling responses to environmental sulfur
sources. We propose that the P. fluorescens sulfur regulome can be modeled using
results from laboratory manipulation of the P. fluorescens sulfur nutrient environment
and regulatory circuits to build and test our models. We consider the ability of the soil
bacterium P. fluorescens to detect and adapt its transcriptome in response to the
presence of a variety of sulfur compounds as a consequence of the flow of information
through a transmitter-channel-receiver data transmission scheme for the sulfur regu-
lome. By utilizing the tools and metrics of information theory—specifically, those of
Shannon’s entropy, Hamming distances, data compression, and a transmitter-channel-
receiver model of information transfer—we gain the capacity to quantify the flow of
information in biological regulatory systems and to use those metrics to gain novel
insights into biological regulatory systems.

In this investigation, P. fluorescens SBW25 grown in rich medium was shifted into
minimal medium containing a variety of compounds used as sole sulfur sources and
relative growth levels were measured as well as transcriptional responses at one
selected time point during this adaptation. A model of the sulfur regulome was
generated from transcriptomic data that predict transcriptomic expression patterns in
response to chemoinformatic attributes of sulfur nutrients, by means of analysis of the
expression profiles of 14 sulfur regulome-associated TFs. The relevance of selected TFs
to the sulfur regulome was validated using gene-knockout mutants. Analysis of our
generated model indicates that metrics and concepts drawn from information theory
can accurately predict biological observations and provide insights into the predicted
molecular mechanisms of environmental sensing and response in bacteria.

RESULTS AND DISCUSSION
P. fluorescens growth depends on the sulfur nutrient. The following nine sulfur

sources were selected to represent a wide variety of molecular classifications: sodium
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sulfate (a sulfur containing ion), 2-aminoethyl hydrogen sulfate (a linear sulfate), taurine (a
linear sulfonate), L-methionine and L-cysteine (amino acids), �-keto-�(methylthio)butyric
acid (thioester), potassium 4-nitrophenyl sulfate (aromatic sulfate), L-methionine sulfone (an
organosulfur compound with a modified S-group), and glutathione (a complex sulfur-
containing molecule). An additional “no-sulfur” condition was also considered.

Pseudomonas minimal media (PMM) was modified to lack sulfur and was supple-
mented with an excess of each of the nine compounds as the sole sulfur source.
Cultures of P. fluorescens SBW25 were grown in rich Luria broth plates (LB; 10-g/liter
tryptone, 5-g/liter yeast extract, 5 g/liter NaCl), and cells were washed, diluted, and
inoculated into minimal media containing a single sulfur source. To resume growth
after this shift, cells must adapt to the minimal medium condition and utilize the only
sulfur source available. We monitored growth (optical density at 600 nm [OD600]) over
time, measuring the lag phase before growth resumed, the growth phase, and the
OD600 after 48 h (Fig. 1). In the absence of a sulfur source, an extended phase of slow
growth was observed, presumably corresponding to a sulfur-sparing response in which
sulfur that had accumulated during growth in rich medium was reallocated to sulfur-
containing amino acids to support cell growth. In contrast, the presence of a sulfur
source triggered a distinct phase of accelerated growth after lag phases of various
durations (Fig. 1A and C), reflecting an adaptation of the cell metabolism to utilize the
available sulfur source. The coefficient of variation of OD600 at 16 h after the shift was
43.4%, indicating a wide diversity of growth phenotypes at this time point. The cultures
supplemented with methionine sulfone exited a long lag phase and initiated growth,
while cultures supplemented with other sulfur sources had already transitioned to rapid
growth, including for L-cysteine. After 48 h, growth under all medium conditions had
reached a stable plateau. The coefficient of variation of growth at 48 h was 8.4%,
indicating that all sulfur medium conditions had eventually reached similar ODs, the
control without added sulfur reproducibly showing the lowest level.

From these observations, we can conclude that P. fluorescens SBW25 is capable of
utilizing all selected sulfur sources, albeit with different efficiencies. Most sulfur sources
were detectably utilized 8 to 9 h after the shift and promoted faster growth and higher
maximal OD than were seen with the control without sulfur. Interestingly, L-methionine
sulfone and, to a lesser extent, L-cysteine appear to extend the lag phase by inhibiting
growth relative to the no-sulfur control before being detectably utilized and promoting
faster growth. These responses are consistent with cells sensing the sulfur source,
inhibiting the response observed in the control (i.e., the sulfur-sparing response), and
triggering an adaptation of the cellular metabolism to utilize it. Thus, the diversity in
growth phenotypes likely reflects adaptive responses that can be associated with sulfur
source-specific patterns of gene regulation. To study these adaptive responses, we have
selected 16 h after the shift as the time point for sampling the bacterial transcriptome
and capturing the specific gene expression patterns associated with adaptation to each
sulfur source.

Specific transcriptomic responses to sulfur nutrients. The transcriptomes were
collected from P. fluorescens cells cultured using the sulfur supplement conditions as
described above, albeit they were collected from larger (25-ml)-volume cultures. A total
of 327 genes were identified by analysis of their statistically significant differential
expression (DE) (false-discovery-rate [FDR]-adjusted analysis of variance [ANOVA]
P value of �0.05). The clusters of orthologous groups (COG) annotation categories (25)
identified as significantly enriched in the set of DE genes relative to the annotated
genome (P value of �0.05, calculated as a hypergeometric distribution) were “amino
acid transport,” “posttranslational modification,” “energy production,” “lipid transport,”
and “secondary metabolism.” Categories of COG annotations significantly depleted in
the set of DE genes were “signal transduction” and “cell motility.”

Of the 327 DE genes, 14 are annotated as TFs (Table 1). These TFs belong to the
following TF protein families: PFLU2455, AraC family; PFLU1958, PFLU3460, and
PFLU4596, GntR family; PFLU0548, PFLU3260, PFLU4291, and PFLU5186, LysR family;
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FIG 1 Relative P. fluorescens SBW25 growth after a shift from rich to minimal medium with a single sulfur source. (A) Each growth
curve represents averages of data from 4 independent experiments. OD600 data were measured from the time of the shift in PMM
with a single sulfur source (T0). (B) OD600 of cultures at 16 and 48 h for the different sulfur sources. These time points are indicated
in panel A by dashed red and blue lines. (C) Duration of the lag phase after the shift.

Larsen et al.

May/June 2018 Volume 3 Issue 3 e00189-17 msystems.asm.org 4

msystems.asm.org


PFLU3284, PFLU4781, and PFLU5852, TetR family; PFLU3257, putative ArsR family;
PFLU4114, putative AsnC family; and PFLU2053, a predicted redox-sensitive transcrip-
tional activator. A TF can regulate gene expression through direct interaction with a
DNA motif near or within regulated genes and can also influence the expression of
additional genes through indirect regulatory mechanisms, such as regulation of post-
translational modification, in the cell. As both types of regulation can be biologically
relevant, we considered here that a gene is “regulated” by a transcription factor if the
patterns of expression are strongly correlated across all conditions tested (calculated as
described in Materials and Methods). The 14 TFs are predicted to regulate the remain-
ing 313 DE genes. A breakdown of the numbers of regulated genes is shown in Table 1.

The sulfur content of proteins encoded by the expressed genes is proportion-
ate to bacterial growth. The proportion of the transcriptome that codes for sulfur-
containing amino acids can be estimated from transcriptomic data and the predicted
protein sequence of transcribed genes (as described in Materials and Methods). Differ-
entially expressed genes coded for proteins that have average sulfur content (3.57%)
similar to that of proteins coded by genes not differentially expressed (3.36%). There
was a positive correlation (Pearson correlation coefficient [PCC] value of 0.60 [P value
less than 0.05; calculated as 10,000� bootstrap]) between the total sulfur content of
predicted expressed proteome and the relative growth of bacterial culture. While
protein abundance is not necessarily proportionate to the level of gene expression, this
observation suggests that a lower level of assimilation of the sulfur source, indicated by
reduced growth, may be associated with sulfur-sparing responses in which bacterial
cells downregulate genes for proportionately sulfur-rich proteins. Such a sulfur-sparing

TABLE 1 Sulfur regulome-associated transcription factorsa

aThe 14 transcription factors identified as being part of the sulfur regulome are listed together with the
transcription factor family to which they belong. For each transcription factor gene (PFLU identifier number
[ID] and gene family), a profile of differential expression across sulfur nutrients is shown, with significant
differential expression (two-tailed t test [compared to “no-sulfur” growth conditions]) marked as “D”
(decreased expression), “I” (increased expression), or “N” (no change in expression) (see Materials and
Methods). “# Co-regulated” indicates the number of genes identified as potentially regulated by
transcription factor. Data in the “Shannon Entropy” column were calculated as the amount of information,
defined as the number of possible sulfur nutrients, that is provided by a significant change in transcription
factor expression. Transcription factors in bold were selected for deletion.
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response has been well characterized in yeast (26). This observed link between sulfur
assimilation and global regulation of the sulfur content of the bacterium’s proteome is
a strong indication of the broad regulatory capacity of the sulfur regulome.

Model P. fluorescens SBW25 regulome as transmitter-channel-receiver. Infor-
mation transfer can be modeled as being comprised of three components (27):
information is detected and collected by a transmitter and then encoded into a more
compact form and passed along via a (potentially noisy) channel; the information from
the channel is collected by a receiver; and the original message is reconstructed (Fig. 2).
This transfer of information can be lossless, if the recovered data are identical to the
original data, or lossy, if the data cannot be exactly recovered and if some information
is lost. In using the model of information transfer to describe a bacterial regulome,
specific biological mechanisms are proposed to fulfill the functions of transmitter,
channel, and receiver. Here, the information being conveyed is the composition of
nutrients in the extracellular environment. It is unlikely that bacteria possess a specific
sensor for every possible nutrient that they may encounter. Therefore, we propose that
bacteria have a “transmitter” comprised of multiple membrane-bound sensors with
overlapping activities that, by acting in coordination, accurately discern far greater
numbers of environmental conditions than they has sensor proteins. In the model, we
represent this capacity by considering compounds in the environment to be vectors of
chemoinformatic attributes, allowing a potentially great number of possible molecules
to be described by relatively few features. The role of the “channel” in bacterial systems
involves protein-DNA interactions, as TFs bind to their cognate regulatory elements in
the genome. In this fashion, information about the extracellular environment can be
symbolically encoded and stored through protein-DNA binding interactions. The “re-
ceiver” in this system is the gene expression output, brought about by the binding/
release of transcription factors that modulate expression patterns for genes, ultimately
optimizing fitness for the nutrient environment.

The methods of construction of the transmitter, channel, and receiver components
of the regulome model are described separately below. In the last section, the indi-
vidual elements are combined in a predictive, system-scale model of the regulome.

The transmitter: expression of the sulfur nutrient environment as a vector of
chemoinformatic attributes. Our model of the sulfur regulome presumes that P. fluo-
rescens collects information from its environment, not as the presence or absence of
specific sulfur compounds but rather as assemblages of key chemical features present
in the extracellular environment. The sulfur nutrients used in this experiment can be
described as vectors of chemoinformatic attributes that can be grouped into atoms,
bonds, functional groups, and molecular characteristics. This approach provides the
model with powerful extrapolative abilities. By defining a nutrient as a vector of
attributes rather than as a distinct chemical entity, new nutrients that were not used in
model training sets can be considered by describing new nutrients as recombinations

FIG 2 Modeling the bacterial regulome transmitter-channel-receiver scheme. (A) Transmitter-channel-
receiver scheme for information transfer. (B) Scheme used to describe information flow in biological
networks with specific molecular mechanisms that fulfill each role in the transmitter-channel-receiver
indicated.
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of the attributes used in the training set. Twenty-five chemoinformatic attributes were
selected to represent the 9 sulfur nutrients used in our experiment as follows: 5 atoms,
13 molecular bonds, 4 functional groups, and 3 molecular characteristics (Table 2).

The channel: environmental conditions encoded as TF expression profiles. The
channel in our model is described as using DNA-protein binding interactions of TFs to
encode information about cell environmental conditions. Here, we consider the ex-
pression level of a gene encoding a TF and presume that increased expression of a TF
will result in a proportionately greater frequency of binding of the TF to the chromo-
some. Although this assumption represents a simplification of the complexity of

TABLE 2 Chemoinformatic attributes for sulfur nutrientsa

aChemoinformatic attributes are grouped into number of atoms, number of chemical bonds, number of
functional groups, and number of specific molecular characteristics. “H-donors” and “H-acceptors” data
indicate the number of hydrogen bond donors and acceptors in the molecule (at pH 7.0). “Rotatable bonds”
data represent the number of bonds which allow free rotation around themselves (a measure of molecule’s
flexibility). For each attribute (row), values are highlighted in colors that range from lowest (red) to highest
(green) values.
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biological regulatory circuits, it allows us to use the measurable level of TF expression
as a proxy for DNA-protein regulatory interactions in a context where the regulatory
interactions taking place in the cell remain poorly characterized.

(i) A unique TF expression pattern “code” indicates the identity of a sulfur
nutrient. Our proposition that multiple transcription factors encode information re-
garding extracellular environmental conditions implies that there must be a unique
profile of transcription factor expression that corresponds to each sulfur nutrient.
Indeed, the patterns of significant differential expression (DE) of transcription factors
(Table 1) can be viewed as bar codes that are unique for each sulfur nutrient, thereby
allowing association of specific sulfur nutrients with patterns of transcription factor
expression.

(ii) Gene knockout experiments indicate that identified TFs are active players
in the sulfur regulome. While 14 TFs were identified as differentially expressed in
response to sulfur nutrient conditions, all those TFs may not be specifically controlling
a response to a sulfur nutrient. For example, some transcription factors may have more
general roles associated with different growth rates. To validate that the identified
TFs play a role in the Pseudomonas sulfur regulome, we generated knockout
mutants for half of them (Table 1). Of the 14 TFs, 7 were selected to represent a
broad range of transcription factor families, medium-specific gene expression
patterns, and Shannon’s entropy levels, namely, PFLU2053, PFLU2455, PFLU3460,
PFLU4782, PFLU5187, PFLU5853, and PFLU4597. Gene deletions were generated by
homologous gene replacement and verified. TF-knockout mutants were grown on the
set of 9 sulfur sources, and growth profiles were monitored.

There are three anticipated outcomes of a transcription factor knockout: (i) no effect
on bacterial growth, suggesting that the transcription factor is not relevant to the sulfur
regulome; (ii) negative effects on bacterial growth that are independent of the sulfur
source, suggesting that while the transcription factor is generally important to growth
or metabolism, it is not necessarily associated with any of the environmental conditions
that we tested; and (iii) changes in mutant growth relative to the wild type that are
specific to the combination of sulfur source and transcription factor knockout, indicat-
ing that those TFs are part of the sulfur regulome.

The results for mutant growth on sulfur media are summarized in Fig. 3 and are
presented in full in Fig. S1 in the supplemental material. The changes in OD600 at 16 h
and in lag time duration for each sulfur media were compared for each mutant relative
to the wild type under the same conditions. Interestingly, growth without sulfur at 16 h
was significantly reduced in 6 of the 7 knockout mutants, suggesting that TFs are
principally responsible for cell adaptation to the shift from rich to minimal media with
a single sulfur source. There was a unique, medium-specific effect on growth at 16 h
and on lag times for each sulfur regulome-associated TF analyzed. A TF knockout’s
effect on growth at 16 h is not necessarily correlated with a change in lag time. No
knockout mutant had a significant effect on growth under L-methionine sulfone
conditions. However, the deletion of PFLU2455 caused a significant decrease in lag
times for cultures in L-methionine sulfone and L-cysteine. There was no significant
change in either growth at 16 h or lag time for growth in sodium sulfate media for any
knockout mutants, indicating that the regulatory circuits perturbed by this experiment
are mainly relevant for the organosulfur regulome. From this, we can conclude that for
each knockout mutant, medium-specific changes in bacterial growth and lag times
were observed, supporting anticipated outcome iii above and suggesting that all TFs
selected for validation were actively contributing to the sulfur regulome. Interestingly,
some knockout mutations resulted in increased growth relative to the wild-type strain,
suggesting that the deregulated genes in the knockout mutant affected directly or
indirectly the adaptation to minimal media and utilization of the sulfur source, which
was nonlimiting under our conditions. An indirect effect may be that a TF activated
genes that compete with the utilization of the sulfur source for coping with a particular
stress (e.g., redox stress). In such a case, the sulfur source not only provides a nutrient
that fuels the metabolism of the wild-type bacterium but also provides information
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about the environment that is used by the cell to maximize its fitness, which does not
necessarily imply maximizing its growth rate.

(iii) Vector of chemoinformatic features predicts TF expression patterns. The
expression level of each TF can be described as a mathematical function of the chemoin-
formatic attributes of the available sulfur source. A leave-one-out cross-validation (LOO-CV)
approach was used to train the models of TF expression, and only the validation results are
presented here. The overall correlation between predicted and observed TF expression
profiles across all medium types was significantly high (PCC � 0.82, LOO-CV P value less
than 0.05 in 10,000� bootstrap analyses). Considering the results for individual sulfur
sources, correlations between predicted and observed patterns of TF expression were also
significant for all sulfur medium types except glutathione (Fig. 4).

There are many possible reasons for the comparatively poor prediction of TF profile
for glutathione. Glutathione is known to have multiple roles in redox signaling, pro-
tection from various stresses, and posttranslational modification of proteins in Proteo-
bacteria (28, 29), including Pseudomonas. These roles may be indirectly related to the
utilization by cells of glutathione as a sulfur nutrient and may not be apparent in the
data collected from our simple experimental design, which did not include redox stress.
Additionally, glutathione is an outlier for 17 of the 24 chemoinformatic features
(Table 2), which might make predictions for glutathione more difficult in utilizing a
LOO-CV scheme.

The receiver: environmental condition information decoded as gene expres-
sion patterns. The receiver element of our model of the sulfur regulome translates the

FIG 3 Relative growth of transcription factor knockout mutants on different sulfur sources. Changes in OD600 are indicated as the log2 of the ratio between
the culture OD600 at 16 h for a knockout (KO) mutant and the wild type on the same sulfur nutrient media. Changes in lag time are indicated as log2 of the
ratio between the lag times in the KO mutant and wild-type cultures with the same sulfur nutrient media. Cells are highlighted using a color gradient from
the lowest values (blue) to the highest values (red). Values that are statistically significantly different from wild-type values (P value of �0.05) are highlighted
in bold.
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information that is encoded as TF expression profiles into the transcriptome expression
patterns specific to a cell’s environmental conditions.

The correlations between the observed gene expression levels and the gene ex-
pression levels predicted as a function of TF expression profile were significant for every
sulfur source (LOO-CV P value of �0.05 in 10,000 bootstrap analysis) and had an
average PCC value of 0.77 (Fig. 4). Correlations between the predicted and observed
gene expression patterns were lowest for 2-aminoethyl hydrogen sulfate and highest
for sodium sulfate. Interestingly, the predicted gene expression patterns for the 313
significantly differentially expressed (SDE) genes with 2-aminoethyl hydrogen sulfate
were poorly accurate relative to the predicted expression pattern of the 14 sulfur-
related TFs. This result suggests either that TFs important for the adaptive response to
2-aminoethyl hydrogen sulfate are not present in the 14 sulfur regulome-related TFs
used in this model or that there are posttranscriptional regulatory mechanisms in-
volved in response to 2-aminoethyl hydrogen sulfate.

What is gained from modeling the sulfur regulome using the transmitter-
channel-receiver scheme? Predictions of TF expression profiles as functions of che-
moinformatic attributes and gene regulation patterns were found significantly corre-
lated with biological observations. However, we must now ask the following question.
Does the incorporation of the transmitter-channel-receiver concept in the model of the
regulome lead to greater predictive power or biological insight than a simpler ap-
proach that does not use such a scheme?

(i) Incorporation of the transmitter-channel-receiver structure into the regu-
lome model improves predictions of gene expression patterns. To validate the use
of the transmitter-channel-receiver scheme, we have constructed a gene regulatory
model that does not use this structure. The gene expression pattern was calculated
directly as a function of chemoinformatic attributes, without considering the interme-
diate level of the TF expression profile. Models were trained using a LOO-CV approach
identical to that used for the prediction of gene expression patterns as a function of TF

FIG 4 Correlations between computationally predicted and observed gene expression patterns. The
correlations between observed and predicted gene expression patterns are shown for 14 sulfur-related
TFs (black bars) and 313 SDE genes in response to sulfur source (gray bars).
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expression. As with the transmitter-channel-receiver scheme model, only validation
data are considered to represent a metric of model prediction accuracy. The overall
value corresponding to the PCC between predicted and observed gene expression
patterns was 0.44, which is lower than the overall PCC value of 0.77 for predicting gene
expression patterns using the model incorporating the transmitter-channel-receiver
scheme. Incorporation of the transmitter-channel-receiver structure into the model
provides relevant biological information to the model and generates better predictions
of the observed gene expression patterns than a model that disregards this proposed
biological structure.

(ii) The information content of TF expression is proportionate to the number of
genes that it regulates. The Shannon’s entropy value represents quantification of the
expected value of the information contained in a message, measured as the reduction
of uncertainty. In this case, the “message” is defined as an observed, significant change
in TF expression and a change in expression of a TF reduces the uncertainty regarding
the bacterium’s nutrient environment. The set of calculated Shannon’s entropy values
for each TF can be found in Table 1. Using data from Table 1, a significant positive
correlation between the Shannon’s entropy value for a TF and the number of genes
that it regulates is observed (PCC � 0.78, P value � 0.05, calculated as 10,000�

bootstraps). This result suggests that TFs that encode more information about the
extracellular environment tend to regulate (directly and/or indirectly) a greater number
of genes, which may be a general characteristic of information processing in regulatory
networks.

(iii) A robust method of encoding environmental information. If the biological
networks can be modeled as the flow of information, then we might expect that the
method of coding environmental conditions as patterns of TF-DNA binding interactions
should be robust against channel noise. Considering the patterns of TF profiles in
Table 1, the average value for the Hamming distance (30) between TF expression
patterns is 4.7. This Hamming distance result means that, on average, about 5 tran-
scription factors (36% of all of the sulfur regulome-associated TFs) would have to be
altered with respect to their regulation before one sulfur nutrient could be mistaken for
another. This indeed exhibits an encoded signal of TF expression patterns that is robust
against channel noise.

(iv) Drawing biological inferences from a visualization of the model of the
sulfur regulome. The transmitter-channel-receiver scheme for depicting the regulome
increases the accuracy of gene expression profile predictions and enables the applica-
tion of metrics from information theory (i.e., Hamming distance, Shannon’s entropy) to
the model for the quantification of information flow in the regulome. However, can this
model be used to make biological inferences with respect to the molecular mechanisms
of the regulome? To engage a biological analysis of the model, we have generated a
visualization of the regulome suitable for direct interpretation, as described below.

The three components of the Pseudomonas sulfur regulome, i.e., the transmitter,
channel, and receiver, can be combined to form a single, system-scale model of the
sulfur regulome. The interactions between the vector of sulfur source chemoinformatics
features and the TF expression profile were generated as a set of evolutionary
algorithm-derived equations. A network visualization was generated such that the
parent nodes of transcription factors were those chemoinformatic attributes used in the
model equations. Those equations were used to generate a network in which every
node in the network is a child of the specific features (i.e., chemoinformatic attributes
of the transcription factor expression level) in the function that describes its relation-
ship to its parent nodes. The visualization of the network comprising all the links
between TFs and the 313 genes whose expression patterns most closely correlate with
them results in a network too dense for easy visual inspection. Therefore, we used a
different approach to visualize interactions between transcription factor expression
profiles and regulated genes. We calculated the Pearson’s correlation coefficient (PCC)
values corresponding to the gene expression patterns of the 14 transcription factors
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and the remaining 313 significantly differentially regulated genes. Genes were grouped
into sets that were coregulated with the sulfur regulome-associated TFs. A visualization
of the Pseudomonas sulfur regulome network is shown in Fig. 5.

Three TetR family TFs (PFLU3284, PFLU4781, and PFLU5852) exclusively regulate
genes annotated as “metabolism” related, with the largest subgroup within metabolism
being “amino acid transport and metabolism.” TetR family TFs are also the only
transcription factors predicted to be regulated by the chemoinformatic attributes of C-S
and C-O bonds, which are predicted to play an important role in the sulfur regulome.
The members of the TetR family of transcriptional regulators are one-component signal
transduction systems, in which a ligand binds directly to the transcription factor to
regulate transcription factor activity. TetR family members are known to bind to a wide
range of ligands and to regulate a variety of biological functions, including antibiotic
resistance, metabolism, and quorum sensing. From the results of this model, we
hypothesize that transcription factors PFLU3284 and PFLU5852 directly bind sulfur-
containing nutrients or amino acids. Note that at the time of writing, there was no
available molecular characterization of these proteins to support our hypothesis.

The network can be examined to identify the portions of the regulome that are
predicted to respond specifically to sulfur. In a subnetwork that is poorly connected to
the rest of the network (Fig. 5), the bond between a sulfur atom and an oxygen atom
uniquely drives the expression of TetR family TF PLU5852 and regulates genes anno-
tated as “inorganic ion transport” genes. This subnetwork suggests that a portion of the
regulome is devoted to detection of and response to sulfates (i.e., 2-aminoethyl

FIG 5 The sulfur regulome of P. fluorescens SBW25. Circles represent chemoinformatic features of nutrients. Diamonds
represent transcription factors, and colors indicate transcription factor families as follows: TetR family, brown; LysR family,
yellow; GntR family, light green; other transcription factor families, gray. Diamond size is proportionate to the Shannon’s
entropy value for the transcription factor. Rounded rectangles represent groups of genes predicted to be regulated by
transcription factors. Rectangle color indicates COG annotation category, as indicated in the inset. Rectangle size is propor-
tionate to the number of regulated genes with the indicated COG annotation. Edges between nodes indicate information-
driven interactions between chemoinformatic features and transcription factors (red arrows) and transcription factors and
group of regulated genes (blue arrows).
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hydrogen sulfate, potassium 4-nitrophenyl sulfate, and sodium sulfate). The number of
atomic bonds between sulfur and hydrogen atoms is found to drive the expression of
the members of GntR family PLU1958 and LysR family PFLU5186 TFs.

The nonsulfur components of the selected nutrient molecules also have a predicted
effect on the regulome. In fact, sulfur itself is not the most significant factor that drives
gene expression patterns in this regulome, indicating that the “sulfur regulome” in fact
incorporates interactions with a wider array of biological functions than the incorpo-
ration of sulfur into metabolism. The chemoinformatic attributes that are the largest
drivers of the complete regulome, identified as the number of child nodes in the
network, are the numbers of C-N bonds and the counts of atomic nitrogen in the
nutrient. The genes associated with “carbohydrate transport and metabolism” appear
exclusively regulated by the chemoinformatic attributes consisting of C-O and C-N
bonds and C atoms through the action of members of LysR family TF PFLU0548. This
suggests that while sulfur may influence a broad range of biological functions, carbon
and nitrogen present in the media primarily affect metabolism.

Summary. We have utilized a transmitter-channel-receiver scheme to model the
P. fluorescens sulfur regulome. The input to this model is a vector of chemoinformatic
attributes that can be used to potentially describe a wide range of organosulfur
compounds. While this analysis does not provide evidence that the chemoinformatic
features chosen for the model are related to the features that P. fluorescens actually
utilizes to recognize environmental nutrients, our results support the general hypoth-
esis initially proposed: the bacterial regulome responds to a complex environment
through a set of overlapping sensor functions that integrate environmental data to
drive specific patterns of gene expression. The unique expression profiles of 14 TFs can
be linked to 1 of 10 possible sulfur nutrient environments and to predict the expression
patterns of hundreds of other genes. The prediction of gene expression patterns is
more accurate using a model that considers a transmitter-channel-receiver scheme
than one that attempts to predict gene expression directly from extracellular chemoin-
formatic features, implying that there is indeed both utility and biological relevance in
the structure of the computational model.

Our model allows one to formulate some specific hypotheses about the environ-
mental attributes used by P. fluorescens, and these could be tested experimentally in
the future. For example, we have previously described a combination of biophysical
and biochemical assays to identify the ligand binding specificity of proteins (31–33)
that could be directly applied to characterize the ligands of our selected transcription
factors. Further validation of the sulfur regulome model could be achieved by collecting
transcriptomic data from our transcription factor knockout mutants across sulfur
sources. In addition, the model allows one to understand how to introduce additional
biochemical strategies (“knock-in” of function) that would allow the utilization of a new
panel of nutrients. A means of understanding how a bacterium parameterizes and
regulates the utilization of common environmental nutrients, such as is provided by our
modeling approach, is needed to enable engineering approaches to utilize advanced
strains for conversion of exotic feedstocks in biomanufacturing processes.

These observations have general significance with respect to our understanding of
and ability to model complex bacterial regulomes. We propose that bacteria undergo
continuous evolutionary pressure to maximize error detection/correction across poten-
tially noisy channels and to maximize the information content of information-
containing interactions while minimizing the number of discrete biological elements
(e.g., proteins, genes, DNA binding motifs) required for the collection, storage, and
manipulation of information. We additionally propose that maximizing data compres-
sion also represents an evolutionary pressure that shapes bacterial regulomes. While it
could be trivially calculated that, in the computational model, 14 TFs can effectively
encode 25 chemoinformatic features (1.8-fold data compression) or that 14 transcrip-
tion factors encode the expression features of 313 genes (22-fold data compression), it
is not a metric that is likely to provide meaningful biological insights into the sulfur
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regulome. Nonetheless, it is likely that efficient data compression plays a role in the
regulome. For example, considering only three possible states (“upregulated,” “down-
regulated,” and “no change” in expression) per transcription factor, the total possible
number of nutrients that could be encoded by 14 TFs is (314 �) 4,782,969. Extrapolating
from this, it is easy to see how a bacterium could potentially store information on high
numbers of potential environmental conditions utilizing a relatively small number of
TFs. Application of information theory and implementation of quantifiable metrics with
respect to the design and optimization of proposed biological regulatory networks will
provide vital tools for the understanding, computational modeling, and rational engi-
neering of bacterial regulomes. This understanding is required for optimization of any
strain that is planned to be used for conversion of complex feedstocks in biomanufac-
turing strategies.

MATERIALS AND METHODS
Pseudomonas strain and annotated genome. Pseudomonas fluorescens SBW25 was a gift from Gail

Preston, Department of Plant Sciences, Oxford University, United Kingdom. The P. fluorescens SBW25
annotated genome, predicted gene sequences, and functional annotations of gene products were
collected from “The Pseudomonas Genome DB” (http://www.pseudomonas.com/), which ascribes 6,106
genes to the SBW25 genome (34, 35).

Pseudomonas utilization of organosulfur sources. A modified Pseudomonas minimal medium
(PMM) (36) was used to study gene expression patterns in response to a shift from rich media to a single
organosulfur source. The medium was modified to use MgCl2 instead of MgSO4 as a source of
magnesium (0.2 g/liter KCl, 1 g/liter NH4H2PO4, 2.3 g/liter NaH2PO4 · H2O, 4.96 g/liter Na2HPO4, 0.4 g/liter
MgCl2, 0.054 mg/liter FeCl3, 0.2% [wt/vol] glucose). The following sulfur sources were added to PMM
(final concentration, 1.62 mM) (31): sodium sulfate (NaSO4), L-cysteine, L-methionine, �-keto-�(methylthio)
butyric acid, taurine, 2-aminoethyl hydrogen sulfate, potassium 4-nitrophenyl sulfate, and reduced
glutathione. L-Methionine sulfone is poorly soluble and was added at its maximum concentration of
0.4 mM. A modified PMM with no added sulfur was also utilized.

To analyze growth after a shift from a rich media to a minimal media with a single organosulfur
source, cells were grown overnight on Luria broth plates (LB; 10-g/liter tryptone, 5-g/liter yeast extract,
5 g/liter NaCl) and inoculated into 5-ml precultures grown with shaking at 225 rpm at 28°C for 4 h. Cells
were pelleted by centrifugation, washed four times in phosphate-buffered saline (PBS), and resuspended
in 1 ml PBS, and the cell suspension was adjusted to an OD600 of 1.0. In a 96-well microtiter plate, 200 �l
of modified PMM supplemented with a single sulfur source was added per well and inoculated with the
cell suspension to an OD600 of 0.1. Cultures were incubated for 48 h in a Hidex Sense plate reader (Hidex,
Turku, Finland), and OD600 readings were taken at 20-min intervals. The lag time value was calculated as
the first time point at which the OD600 was consistently greater than the average value plus 2 standard
deviations of the OD600 for the first 2 h of growth. The growth phase value was calculated as the
difference between the lag time, calculated as described above, and the time point of maximum OD600.
All growth data can be found in Table S1 in the supplemental material. Wild-type growth data can be
seen in Fig. 1, and all mutant growth patterns can be seen in Fig. S1 in the supplemental material.

RNA extraction for transcriptomic analysis. For transcriptomic analysis, P. fluorescens SBW25 was
precultured in LB overnight at 30°C, and cells were washed, resuspended in 1 vol of PBS (pH 7.4), and
used to inoculate 25-ml cultures of modified PMM supplemented with a unique sulfur source. Cultures
were grown in 125-ml Erlenmeyer flasks at 30°C with shaking at 225 rpm and harvested 16 h after
inoculation into modified PMM. Approximately 3 � 109 cells were treated with 2 volumes of Qiagen
RNAprotect bacterial reagent (Qiagen, Hilden, Germany) for 5 min at room temperature, and cell pellets
were frozen at �80°C. For each condition, three independent biological replicates were collected.

Total bacterial RNA was extracted using a Qiagen RNeasy minikit and the method described for
enzymatic lysis of bacteria. A combination of RNase-free rLysozyme (EMD-Millipore, Darmstadt, Germany)
at 100 kU/ml and 3 freeze-thaw cycles was used to lyse cells. An on-column DNase I digestion was
performed as described in the kit instructions, after which total RNA was eluted in nuclease-free water
and stored at �80°C. To remove residual genomic DNA, all RNA samples were treated with one unit of
Baseline-Zero RNase-free DNase I (Illumina/Epicentre, San Diego, CA) per 5 �g of total bacterial RNA for
15 min at 37°C. Digestion was stopped by immediate cleanup with RNA Clean and Concentrator-5 (Zymo
Research, Irvine, CA) spin columns. RNA quality was examined by using a Bioanalyzer and an RNA 6000
Nano Chip (Agilent, Santa Clara, CA). All RNA samples used for transcriptome sequencing (RNA-seq)
library preparation had an RNA integrity number higher than 9.4. To deplete ribosomal RNAs, samples were
concentrated and treated with Ribo-Zero (Bacteria) probes (Illumina/Epicentre, San Diego, CA) according to
the manufacturer’s instructions. Depleted RNA samples were eluted into RNase-free water and characterized
using Agilent RNA Pico 6000 chips (Agilent, Santa Clara, CA) to confirm removal of 16S and 23S rRNA subunits.
All samples still exhibited peaks at sizes consistent with the presence of tRNAs and 5S rRNAs.

Sequencing libraries were produced from mRNA amounts ranging from 12.6 to 50.1 ng using a
Script-Seq version 2 kit (Illumina/Epicentre, San Diego, CA) and following the manufacturer’s instructions.
Next-generation sequencing services were provided by the High-throughput Genome Analysis Core of
the Institute for Genomics and Systems Biology (IGSB) at the University of Chicago.
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Generation of TF knockout mutants. Selected genes encoding transcription factors were deleted
from the P. fluorescens SBW25 genome by homologous recombination as represented in Fig. S2. Briefly,
regions of ~1 kb in length flanking the targeted transcription factor coding region were PCR amplified
using SBW25 genomic DNA as the template. Target-proximal primers were extended with 15-bp to 20-bp
sequences complementary to a DNA cassette carrying tetracycline resistance genes (37). The two
genome fragments and the cassette were joined by assembly cloning methods. Electroporation was used
to transform the resulting linear DNA fragments into SBW25 cells expressing RecET-like phage recom-
binases from a plasmid. The expressed recombinases stimulated the homologous recombination of the
targeted gene with the antibiotic cassette in a reaction similar to that previously described for Pseu-
domonas syringae (38, 39), resulting in replacement of the targeted sequence with the antibiotic
resistance genes on the host chromosome. The primers used to construct the mutants are described in
Table S2. A Bio-Rad Gene Pulser Xcell system (Bio-Rad, Hercules, CA) was used with settings for
P. aeruginosa (25 �F, 200 �, 2,500 V) for all transformations performed with SBW25. Transformants were
selected on solid LB media containing 15 �g/ml tetracycline, after which gene replacement was verified
by colony PCR and two independent isolates were cured of the recombinase plasmid prior to further
characterization. For each isolate, a 5-kb-to-6-kb region encompassing the homologous integration site
was PCR amplified and sequenced. Single base pair changes were found sporadically in regions
corresponding to primer sites, suggesting that mutations were most likely introduced by the use of
synthesized DNA primers. In contrast, no mutations were detected in the flanking chromosomal coding
regions.

Analysis of transcriptomic data. Gene expression levels were calculated from RNA-seq reads using
“BowStrap” (40) and predicted gene coding sequences of SBW25 (34, 35). BowStrap performs a bootstrap
analysis on the output of the short-sequence-aligning program “Bowtie” (http://bowtie-bio.sourceforge
.net/index.shtml). In BowStrap, both unique and multiply aligned reads are considered as a means of
generating a measure of gene model expression with accompanying data representing confidence
interval and statistical significance of expression.

Transcriptome data are presented as log2 values determined for the number of aligned reads per
1,000 base pairs of gene per million aligned sequence reads (reads per kilobase per million [RPKM]
values) and were normalized by quantile normalization (41). The complete set of gene expression data
is available in the supplemental material.

Statistically significant differential expression (DE) of genes was determined by ANOVA in MeV4
(http://mev.tm4.org) with P values calculated from 10,000 permutations, and the data were adjusted for
false-discovery rate (FDR) by the use of the Bonferroni method (42). An FDR-corrected P value of 0.05 was
used as the threshold for significant differential gene expression. The complete set of normalized RPKM
gene expression data can be found in Table S3.

Fourteen of the genes identified as showing DE by ANOVA are annotated as TFs. As ANOVA considers
differential expression as a function of variance within a treatment relative to variance across all
observations, ANOVA cannot provide a measure of fold change relative to a reference condition. To
calculate a relative fold change value for TF expression patterns, an additional level of DE was calculated.
Fold change and the significance of fold changes for the 14 ANOVA-identified TFs were calculated
relative to the “no-sulfur” medium condition using the 2-tailed t test (P value � 0.05).

Annotations of clusters of orthologous groups (COG) of proteins (25) were used to determine
whether subsets of SDE genes were enriched for biological functions. Enrichment for specific annotation
was determined using P values, calculated as 1 minus the hypergeometric distribution relative to the
total number of genes with that annotation in the complete SBW25 genome. A threshold of a P value
of less than 0.05 was used for statistical significance determinations.

Prediction of the percentage of sulfur-containing amino acids in a proteome from transcrip-
tomic data. The sulfur content of the predicted Pseudomonas proteome was estimated from transcrip-
tomic data. The following formula was used for predicting proteome sulfur content:

predicted proteme % sulfur �
� i�1

m Genei * SulfurousAAi

� i�1
m Genei * TotalAAi

(1)

where m is the total number of genes in the P. fluorescens genomes, Genei is the normalized boot-
strapped RPKM expression of gene i, SulfurousAAi is the number of sulfur-containing amino acids (i.e.,
cysteine and methionine) in the protein coded by gene i, and TotalAAi is the total number of amino acids
in the protein coded by gene i.

Identification of the genes controlled by sulfur regulome TFs. To identify the genes potentially
regulated directly by a change in expression of a TF, we calculated the PCC values of gene expression
using comparisons between the set of 14 TFs and the remaining 313 DE genes. We considered a gene
to be potentially directly regulated by a TF if the PCC value of the pair was greater than the average plus
1 standard deviation of all PCC values. The coregulation of a TF and a gene does not necessarily require
that the TF directly controls the expression of the gene.

Calculation of Shannon’s entropy associated with each TF. Shannon’s entropy is a quantification
of the expected value of the information contained in a message, measured as the reduction of
uncertainty. In this case, the “message” is defined as an observed, significant change in TF expression.
Differential expression of a TF (by ANOVA) reduces the uncertainty regarding the bacterium’s nutrient
environment. A change in TF expression is defined as a statistically significant result (2-tailed t test
P value less than 0.05) relative to expression in sodium sulfate growth condition. For example, a
significant change in expression in TF PFLU4596 in this experiment indicates that the nutrient present in
the environment is 2-aminoethyl hydrogen sulfate or cysteine or potassium 4-nitrophenyl sulfate,
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reducing the uncertainty regarding the environment from nine possible messages describing environ-
mental conditions to three. For this experiment, the Shannon’s entropy � value for a TF is calculated as
follows:

� � ��
i�1

n i

n
log2� i

n� (2)

where n is the number of possible sulfur nutrients associated with a significant change in TF expression.
Generation of a model of the sulfur regulome. There are two main components of the sulfur

regulome model: (i) modeling the TF profile as a function of sulfur nutrient chemoinformatic attributes
and (ii) modeling gene expression as a function of the TF profile. For modeling, all sulfur nutrient
chemoinformatic attributes and gene expression levels were normalized to arbitrary values between 1
and 100. All models were calculated using leave-one-out cross-validation (LOO-CV), a special case of a
K-fold cross-validation. Only the results from the validation sets are presented here.

(i) TF expression as a function of sulfur nutrient chemoinformatic attributes. In the first part of
the proposed model of the sulfur regulome, environmental information detected by the receiver is
encoded into a TF expression profile in the channel. The relationship can be defined as follows:

TFj � f�Chem1...Chem25� (3)

where TFj is the expression level of TF j and Chem1�25 is the vector of the 25 chemoinformatic attributes for
a sulfur nutrient condition. The program “Eureqa” (Nutonian, Boston, MA) was used to generate equations
that best fit the observed data. “Eureqa” is an artificial intelligence (AI) modeling engine that uses an
evolutionary algorithm approach to finding optimized equations to fit experimental data using a user-
selected set of allowed mathematical operations. The operators constant, addition, subtraction, multiplication,
and division were used, and the equation fitting was allowed to continue until the values corresponding to
equation “stability” and “maturity” each exceeded 90%. The set of equations describing TF expression profile
as a function of environmental chemoinformatic attributes can be found in Table S4.

(ii) Gene expression as a function of the TF expression profile. The set of genes regulated by the
sulfur regulome in the receiver can be described as a function of TF profile of the channel using the
following equation:

Gi � ci 	 �
j�1

TFmax

TFj 
 wi,j (4)

where Gi is the expression level of gene i, ci is a constant associated with gene i, TFj is the expression
of TF j in the set of TFmax number of TFs, and wi,j is the weight of the effect of TF j on gene i. The
set of edge weights describing gene expression as a function of TF expression profile can be found
in Table S5.

As a control method, gene expression patterns were also described directly as a function of
chemoinformatic attributes as follows:

Gi � ci 	 �
k�1

Chemmax

Chemk 
 wi,k (5)

where Chemmax is the number of chemoinformatic attributes and wi,k is the weight of the effect of
chemoinformatic feature k on gene i.

Equations were solved as a set of underdetermined linear equations using QR decomposition (where
Q represents an orthogonal matrix and R represents an upper triangular matrix) for solving linear
least-square equations in “R.” The set of edge weights describing gene expression as a function of
chemoinformatic attributes can be found in Table S6.

SUPPLEMENTAL MATERIAL
Supplemental material for this article may be found at https://doi.org/10.1128/

mSystems.00189-17.
FIG S1, TIF file, 0.3 MB.
FIG S2, TIF file, 0.04 MB.
TABLE S1, XLSX file, 0.2 MB.
TABLE S2, TXT file, 0 MB.
TABLE S3, XLSX file, 2.5 MB.
TABLE S4, XLSX file, 0.02 MB.
TABLE S5, XLSX file, 0.4 MB.
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