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Abstract
We present a computational protocol for inference of regulatory and signaling pathways in
a microbial cell, through literature search, mining “high-throughput” biological data of various
types, and computer-assisted human inference. This protocol consists of four key components: (a)
construction of template pathways for microbial organisms related to the target genome, which
either have been extensively studied and/or have a significant amount of (relevant) experimental
data, (b) inference of initial pathway models for the target genome, through combining the template
pathway models and target genome-specific information, (c) refinement and expansion of the initial
pathway models through applications of various data mining tools, including phylogenetic profile
analysis, inference of protein-protein interactions, and prediction of transcription factor binding
sites, and (d) validation and refinement of the pathway models using pathway-specific experimental
data or other information. To demonstrate the effectiveness of this procedure, we have applied it
to the construction of the phosphorus assimilation pathways in cyanobacterium sp. WH8102. We
present, in this paper, a model of the core components of this pathway.
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1

Introduction

In living systems, control of biological function occurs at the systematic, cellular and molecular levels [1]. Such control mechanisms are often coupled with signaling pathways that detect environmental
changes and trigger the relevant components of the regulatory machinery, resulting in specific cellular
responses. The complex machinery for transmitting and implementing the regulatory signals is made
of a network of interacting proteins and/or other molecules like DNA, RNA and small molecules [1].
Characterization of these regulatory networks or pathways is essential to our understanding of biological functions at both molecular and cellular levels. Traditionally, interaction networks and signaling
pathways have been characterized through ad hoc approaches, which could take a significant amount
of time. With the advent of high-throughput measurement technologies, and the completion of sequences of a large number of microbial genomes, it is now feasible and desirable to develop new
∗
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and effective computational protocols for tackling the challenge of characterization of regulatory and
signaling pathways in a systematic manner.
Numerous computational methods have been developed to infer regulatory and signaling pathways,
based on high-throughput biological data. These methods generally attempt to infer local networks
based on microarray gene expression data [28], and/or protein-protein interaction map derived from
two-hybrid data [10]. While such local networks might provide a rough picture of how a group of genes
may relate to one another, they may not necessarily directly correspond to the physical interactions
between the products of these genes. In addition, several computational strategies have been developed
to infer transcriptional regulatory networks in microbes [25]. Though these methods are potentially
capable of revealing the structure of a transcription regulatory network, they typically provide only
partial information for a complete regulatory/signaling pathway/network responsible for a particular
biological process in a cell.
Our experience has been that none of the data sources and methods aforementioned alone currently
contain sufficient information for meaningful derivation of a relatively complete regulatory/signaling
pathway in a systematic manner (in the rest of the paper, we simply use “pathways” to refer to
regulatory and signaling pathways). However, meaningful and possibly accurate models could be
derived based on multiple sources of data, especially when rough pathway templates exist, which may
contain key components and/or local structures of the target pathway. For instance, in a microbe,
proteins working in the same pathway are often encoded by genes in an operon, or encoded by genes
in separate operons which share the same transcriptional binding site(s), called a regulon. Thus, genes
identified to belong to the same operon/regulon provide good candidates for genes working in the same
pathways. Protein-protein interaction predictions, based on two hybrid data [30] or computational
techniques like protein fusion methods [17], could provide detailed information about how these genes
(their products) might be wired together. We have recently developed a computational protocol for
biological pathway inference using various sources of information. Our goal is to make such techniques
applicable to a large class of microbial pathways, which have known or partially known homologous
pathways in other related genomes.
We have chosen as our target pathway the phosphorus assimilation pathway in the marine cyanobacterium Synechococcus sp. WH8102 (WH8102), which has its genome sequenced, genes predicted and
their functions annotated [21], and is one of the major primary producers in the large oligotrophic
central gyres of the world’s oceans. Because phosphorus is one of the significant limiting nutrients in
the oceans, it was chosen as a starting point of our computational inference of pathways for WH8102.
Currently, very little is known about this particular pathway in this species [22].

2

Methods

A pathway model can be represented as a set of molecules (proteins, DNA, RNA, and small molecules)
connected by links representing physical or functional interactions. It could be represented either in
its generic form (i.e., proteins without detailed gene assignments) or in its specific form with genes
assigned to all proteins. Our computational procedure will first build a pathway model in its generic
form through template-based pathway inference, and then attempt to assign (predicted) genes to
individual proteins. This procedure consists of the following key steps: (I) construction of template
pathways for related organisms, (II) inference of initial pathway modes for the target genome based
on the template pathways, (III) expansion and refinement of the initial pathway models using various
sources of information, and (IV) validation of pathway models. The information flow of the inference
process is shown in Figure 1.

2.1

Construction of Template Pathways

Related organisms often employ similar biochemical processes to accomplish the same goal; hence,
known biological pathways could possibly be used as templates for pathway inference in another
organism though detailed differences among these pathways need to be carefully dealt with. For a
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Figure 1: Information flowchart of the pathway inference protocol. A rectangular box represents an
information source or/and a sink, and an oval denotes an information integration process.
specific target pathway P in organism X, we first attempt to build P’s “homologous” pathways in
X’s related genomes for which a great amount of information and/or experimental data may exist. If
such “homologous” pathways exist in one of the pathway databases, like KEGG [12], EcoCyc [14] and
MetaCyc [13], we can use them directly as templates. Otherwise, we do extensive literature search
to identify all components and interaction relationships known to be part of the pathway, and then
piece together (often partial) pathway models based on our general knowledge of a particular class
of pathways (see Section 3.1). In our template-based pathway inference, we typically use 3-5 related
genomes as different organisms may share different common “sub-pathways” with the target pathway.
Information derived from template pathways from different organisms may complement each other for
our target pathway inference.

2.2

Construction of Initial Target Pathway

A key component in our template-based pathway inference is to build an initial target pathway by
assigning genes to the proteins in the template pathways. The guiding principle in our gene assignments
is to assign genes so the following criteria are met: (a) assigned genes should be homologous (more
rigorously, orthologous) to their corresponding proteins in the template pathways; and (b) the operon
structures of the assigned genes should be maximally consistent with the operon structures of their
corresponding proteins (genes) in the template genome. We accomplish this goal in two phases.
a. Phase 1: Search for orthologues genes and prediction of operons
(1) Search for orthologous genes: Operationally, we define two proteins A and B, of two different
genomes, as orthologues if they are the bidirectional best hits (BDBH) [20] against each other’s genome.
If no such BDBH is found, we relax the condition to find the closest homologue using BLASTP. In case
that there is no detectable homologue by BLASTP, we run the threading program PROSPECT [34] for
remote homology detection. A list of predicted homologues for all 2531 genes of WH8102 is provided
at http://compbio.ornl.gov/PROSPECT/. Considering the possibilities of incorrect prediction of
orthologues, we consider, for each protein, a few additional homologous genes as possible alternative

6

Su et al.

candidates with lower confidence scores.
(2) Prediction of operons: Our algorithm makes operon predictions, based on the assumption that
operon structures are generally “conserved” among closely related genomes. Hence the input to the
program is a set of (closely) related genomes. In this study, we used three cyanobacteria genomes:
WH8102, Prochlorococcus MED4 and MIT9313, as the input genomes. The program first performs
pair-wise genome comparisons to find pairs of genes from two different genomes that are deemed
homologous by using the BLASTP program and the COG ID assigned by COGnitor program [36].
Two genes are considered homologous if (i) the E-value of their match given by BLASTP exceeds a
pre-defined threshold (E-20 in the current experiment) in both directions and (ii) the two genes have
the same COG ID. Then the program identifies conserved clusters of genes from at least two genomes
that satisfy conditions (i) the genes of a cluster have the same direction on all involved genomes, (ii)
consecutive genes are within 100 bases, and (iii) the genes from all involved genomes corresponding to
the same position in a cluster have the same COG ID. These conserved gene clusters are then ranked by
likelihood estimates based on (1) consistency of functional categories of the genes in a cluster as given
by COGnitor, (2) existence and conservedness of key promoter motifs (such as the Pribnow box and
sigma dependent promoters) in the promoter region of the first gene of a cluster as given by databases
such as TRANSFAC and TFD [7] and computer programs such as SIGSCAN [24] and PromScan [29],
and (3) the existence and conservedness of terminator motifs in the 3’ (downstream) region of the last
gene of a cluster as given by computer programs such as TransTerm [5]. The likelihood parameters
and thresholds are estimated from a set of 237 experimentally confirmed operons from the E. coli K12
genome [27]. Conserved gene clusters that receive high likelihood scores above a certain threshold are
finally output as putative operons. A more detailed description of the prediction algorithm will be
reported elsewhere (Chen et al., working paper). An up-to-date summary of the predictions on the
three genomes can be found via WWW at http://www.cs.ucr.edu/~xinchen/operons.htm.
b. Phase 2: Construction of an initial pathway model through gene assignments
The essential idea in building the initial target pathway model is to find a set of gene assignments to
each template pathway that best satisfy the criteria (a) and (b) listed in the beginning of Section 2.2,
and to generate the union of the gene assignments against different template pathways after fixing
possible gene-assignment conflicts. The following describes our current procedure for accomplishing
this.
Step 1: identification of conserved sub-pathways in each template pathway
For each operons in each template pathway do the following:
If none of its proteins have orthologues (as defined by BDBH) in the target genome, we predict
that the sub-pathway encoded by this operon does not exist in the target pathway;
If all of its proteins have orthologues in the target genome, we predict that the sub-pathway
encoded by this operon exists in the target pathway, and use these orthologues as gene assignments;
If only a fraction of its proteins have orthologues in the target genomes (the so called “missing
gene problem” [19]), do the following:
If all missing genes have detectable homologues (by our methods) in the target genome, which exist
in the same operon of the identified orthologues, we predict that the sub-pathway encoded by this
operon exists in the target pathway, and use these orthologues and homologues as gene assignments;
Otherwise, we only predict that the target organism has a somewhat modified sub-pathway, without
detailed structural predictions.
Step 2: initial model construction through merging sub-pathways
Do a union operation on all the sub-pathways identified in Step 1 and then resolve conflicts as follows.
If different genes are assigned to the same protein in different sub-pathways of different templates, we
resolve the problem by taking the gene assignment with the highest confidence score.
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Expansion and Refinement of Initial Pathway Models

Considering the possible differences among “homologous” pathways across different organisms, some
proteins in a template pathway may not exist and some additional elements may exist in the target
pathway. Our inference protocol employs an “expansion and refinement” step to deal with such an
issue. This is done through an application of predicted protein physical or functional associations.
The basic idea is if protein A is in our pathway model but B is not, we may want to add B into the
model if we predict A and B are interacting either physically or functionally - we can either predict
detailed connections between B and the rest of the pathway, or simply indicate that B should be part
of the pathway. Currently, we employ the following techniques for such predictions: (a) prediction
of physical interactions of proteins through detecting protein fusion events and orthologues mapping,
(b) prediction of co-regulated proteins through predictions of operons and regulatory binding sites,
and (c) phylogenetic profile analysis for prediction of functionally related genes. Other data sources
can also be used here, like microarray gene expression data if it available. We apply such “expansion”
operations only on assigned genes with high confidence, i.e, they have respective orthologues in the
template genome, and they are in a same operon if their respective orthologues in the template genome
are in an operon.
a. Prediction of physical interactions of proteins
We have used two computational procedures for the prediction of physical interactions of proteins in
WH8102.
(1) Prediction through orthologues mapping: There are a number of public databases of proteinprotein interactions derived from large-scale two-hybrid experiments [30], mass spectrometry [6] and
from individual experiments [33]. The most comprehensive such data sets are for S. cerevisiae [6, 30]
and H. pylori [26]. Our orthologous gene mapping method predicts that two proteins interact if their
orthologues are known to interact in S. cerevisiae or H. pylori, based on information stored in the
DIP database, which contains 15099 and 1420 binary interactions for S. cerevisiae and H. pylori,
respectively (release of January 5, 2003).
(2) Prediction through protein fusion analysis: The basic idea of gene-fusion method is that if
two proteins A and B are homologous to different segments (domains) of the same protein chain C
in another genome, then A and B are predicted to interact [17, 23]. We used BLASTP to search the
all open reading frames (orfs) of WH8102 against the non-redundant protein (nr) database. Protein
A and B in WH8102 are predicted to have physical interactions if they are homologous (E-values <
0.0001) to different domains of the same protein in the rn database.
Two proteins are predicted to be interacting if one of the two approaches predicts the interaction.
A total of 963 interactions involving 722 proteins are predicted for WH8102. Figure 1 shows the
interaction map of this prediction.
b. Prediction of co-regulated proteins
Co-regulated proteins typically work in the same biological pathways in microbes. These are the
proteins that are regulated by the same regulatory protein(s), and hence they share the same regulatory
binding site(s) in their promoter regions. Our goal is to identify all operons that have the same binding
site as that of the known co-regulated operons. Our approach is to first identify the conserved binding
sites of possible co-regulated operons, using three computer programs CUBIC [18], MEME [3] and BIOPROSPECTOR [16]; and then search all the promoter regions of the predicted operons in WH8102
for the same binding sites. Predicted binding sites by CUBIC, MEME and BIO-PROSPECTOR
are analyzed manually. Predictions by multiple programs will receive higher confidence scores. After
identifying the best set of promoters that contains a common motif, the profile of this motif is computed
to search for similar motif present in the upstream regions of WH8102 orfs, using both publicly available
MAST and an in-house program. For the in-house program, the search was constructed to maximize
the information content score of the final motif. We have identified a 11-bp sequence motif in the
regulatory region of pstBAC, pstS, phoBR, phnCED and phnX operons, which is equivalent to the
pho box in E coli [4]. It is well known that these key components of this pathway, though not of
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Figure 2: (A) Genome-scale protein-protein interactions for WH8102. Each vertex represents a protein
and an edge linking two proteins represents a predicted interaction. (B) A blow-up of the portion
encircled in part A shows the local interaction network of orf1783, the predicted phoR. Star-labeled
orfs are also predicted by phylogenetic profile analysis.
the same operon, are co-regulated by the same transcription factor, phoB, which binds to the pho
box motif [4]. Using this simple procedure, we have identified 81 candidate pho box sites in the
regulatory regions WH8102 genome. Genes identified to be co-regulated with genes known to be in
the phosphorus assimilation pathway are considered as candidates used for the “expansion” operation.
c. Prediction of functional associations of proteins through phylogenetic profile analysis
Pioneered by D. Eisenberg and co-workers [23], the phylogenetic profile analysis predicts that two
proteins are functionally related if they have highly similar phylogenetic profiles. When searched
against a set of genomes {G1 , . . ., Gk }, a protein’s phylogenetic profile is defined as a binary string
a1 . . . ak with ai = 1 if the protein has a detectable homologue in genome G i (defined by BLASTP search
using an e-value < 10−6 ); otherwise 0. We have used 89 sequenced microbial genomes (see supplemental
material at http://compbio.ornl.gov/~xyn/pathways/ for the list of genomes) to compute the
phylogenetic profiles for all genes of WH8102. We then clustered these genes into clusters based on
the similarities of their phylogenetic profiles, using the EXCAVATOR program [35]. The clustering
results for all predicted genes of WH8102 can be found at http://compbio.ornl.gov/~xyn/patwhays.
Detailed description of this clustering procedure and the analysis of the clustering results will be
published in a more expanded version of this paper.

2.4

Validation of Pathway Models

Experiments could be designed to validate predicted pathway models. This may include experiments
to (a) check if two specific proteins interact; (b) check if the mRNA expression levels go up/down for
certain genes under particular conditions, as predicted; and (c) check if a particular component in a
pathway, e.g., a specific phosphorus transport system, exists – just to name a few. Validation results
could be used to refine the pathway models, in an iterative manner.

3
3.1

Results and Discussion
Information Compilation through Literature Search

It is generally known that phosphorus assimilation pathways in microbial organisms have the following key components that are co-regulated in the so-called pho regulon: (a) A two-component
sensor-regulator systems made up of phoR (sensor histidine kinase), phoB (response regulator, i.e.
transcription factor), and related modulators. PhoR senses the inorganic phosphate (P i ) level and is
activated when Pi level is low. Activated phoR in turn activates phoB by phosphorylating the latter. Phosphorylated phoB then either activates or suppresses the transcription of operons in the pho
regulon. (b) Transporters of phosphorus-containing compounds of various types including P i or C-P
bond containing compounds called phosphonates (P n ). (c) Various metabolic enzymes that degrade
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organic phosphorus compounds to Pi . (d) Other components that help the cell acclimate changes in
phosphorus supply in the environment. However, proteins not encoded in the pho regulon might also
be involved in the global responses induced by phosphorus stress. We have used such information as
the general guidance in our construction of both template and target pathways.

3.2

Construction of Template Pathways

Through extensive literature and database searches, we found that the phosphorus assimilation pathway in E. coli [8, 31], B. subtilis [2] and S. typhimurium [11] have been extensively studied, which
are all somewhat related to our target genome. Hence we have chosen these organisms to build the
template pathways. For each of these template pathways, we start with the well characterized components and add the missing components/connections based on the information collected in Section
3.1.
a. Phosphorus assimilation pathway in E. coli: E. coli uses two low-affinity P i transporters
PitA and PitB [9] as its primary transporters when P i is abundant in the environments. When P i is
low, the high affinity Pi transporter system Pst (PstSCAB-phoU) will be induced. In the absence of
Pi and the presence of organic Pn , a Pn transporter system (phnCDE) as well as the metabolic enzyme
complex C-P lyase (phnFGHIJKLMNOP) will be induced to transport a wide spectrum of P n into the
cell and break them down to Pi [8, 31], respectively. E. coli also utilizes sn-glycerol 3-phosphate by
inducing the ugpBAECQ operon. All these proteins are co-regulated by the two-component signaling
system PhoR and PhoB whose activity is negatively regulated by phoU.
b. Phosphorus assimilation pathway in S. typhimurium : This organism has similar P i
transport systems, a two-component regulatory system, to those of E. coli, except for that only one
low-affinity Pi transporter pitA has been identified experimentally. Moreover, in the absence of P i , S.
typhimurium can only use a special form of P n , i.e., the naturally existing 2-aminoethylphosphonate
(2-AEP). This is because its Pn transporter (phnSTUV) and/or the metabolic enzymes (phnW and
phnX) can only transport and break down 2-AEP into P i [11], respectively.
c. Phosphorus assimilation pathway in B. subtilis: This microbe has similar P i transporting
systems and similar two-component signaling system to those of S. typhymurium [2]. Although more
genes/operons in its pho regulon have been characterized experimentally, neither P n transporter nor
catabolic enzymes have been identified.
By piecing together the known partial pathway models of these three organisms using the above
information to fill the gaps, we have built three pathway models for each of them, encoded by their
respective pho regulons. The detailed models can be found at http://compbio.ornl.gov/~xyn/
pathways/.

3.3

A Pathway Model for Phosphorus Assimilation and Its Evaluation

a. The initial model
Table 1 shows the identified WH8102 orthologues/homologues of the proteins in the three template
pathways encoded by their respective pho regulons of E. coli, S. typhimurium and B subtilis. These
assigned genes constitute the components in the initial model (not fully connected) of the phosphorus
assimilation pathway in WH8102, and they are probably members of its pho regulon.
This predicted initial pathway model suggests several interesting possibilities about the phosphorus
assimilation process in WH8102. The protocol predicted that orf1783 and orf1782 are the orthologues
of phoR and phoB, respectively. Sequence homology search reveals that orf1783 has 31% sequence
identity to sphS, which has been shown to be a phoR equivalent in Synechococcus PCC7942. Interestingly, both sphS and or1783 are predicted to be soluble proteins by three different approaches
(TMHMM, SOSUI and DAS). This suggests that orf1783 can sense the low intracellular P i level, or an
associated protein can sense the low extracellular P i level, which, if exists, is yet to be identified. In
addition, our protocol did not find an orthologue of phoU, a negative regulator of phoR, in WH8102
just like in 33 out of 89 microbial genomes that we used for phylogenetic profile analysis, suggesting
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Table 1: Predicted components of the initial phosphorus assimilation pathway in WH8102. Each row
represents a protein in a template pathway. Consecutive rows under the same-colored shadow (blue
or white) represent an operon in the template genome whose name is given at the last column of
each row. The first column represents the names of proteins, the second column the functions, and
the third column the assigned genes of WH8102 to the corresponding proteins. All orthologues are
shown in red letters while homologues detected through other methods are shown in black or blue. A
green-color shadow indicates an operon structure in WH8102.
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the possibility that phoU was lost in some microbes including WH8102 during the evolution. It is
intriguing to find out what mechanism has been evolved to compensate the role of phoU in these
microbes.
No low-affinity Pi transporter was detected by our prediction in WH8102. This may reflect the fact
that the Pi level in the seawater (100∼300 nM) is well below the K m (25µM) of pitA/B transporters,
and therefore the respective transporter genes may have been lost during the evolution. We also failed
to find orthologues for phoE, an outer membrane pore, and for iciA, an inhibitor of DNA replication.
The reason for this is not clear but might also be related to the ecological niche of WH8102.
Our procedure also did not predict any orthologue for the C-P lyase complex. This may suggest that
WH8102 utilizes a different system to break down P n ’s. Indeed, we have predicted that WH8102 has
a hybrid Pn uptake and degradation system through the identification of orf3425, orf3426 and orf3427
as the orthologues of the Pn transporter phnCDE of E. coli, and orf86 and orf191 as the orthologues of
phnW and phnX, which are responsible for breakdown of 2-AEP in two sequential enzymatic reactions
in S. Typhimurium [15]. Since phnCDE is promiscuous P n transporter [32] while phnWX is specific
for 2-AEP [15], we could not predict the spectrum of P n ’s in the predicted hybrid Pn uptake and
degradation system of WH8102. However, our experimental result has demonstrated that WH8102
can utilize 2-AEP as well as ethylphosphonate as a sole phosphorus source (unpublished observation),
suggesting that a novel enzymatic system might exit in WH8102 to break down ethylphosphonate, or
alternatively, that the phnWX complex in WH8102 could also break down ethylphosphonate. Further
experiments are needed to clear this cloud.
b. The expanded model
Based on our predicted protein-protein interaction map, we first expand this initial model by predicting a local interaction network involved the sensor kinase phoR (orf1783) (Figure 2B). In this local
network, both orf1783 and orf2061, which are sensor kinases, are predicted to interact with response
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regulators orf911 and orf2573. The latter is also predicted to interact with another kinase, orf1921.
These predictions are consistent with the recent finding that cross-talk widely occurs in two-component
systems in microbes. Interestingly, orf2253, predicted to interact with orf2573, is a regulatory subunit of cAMP-dependent protein kinase. It has been shown that phosphate-starvation-inducible psiE
gene of the pho regulon in E. coli is dually regulated by the phoB/cAMP receptor protein complex.
Moreover, orf1921, also predicted to interact with orf2573 is the σ-factor of RNA polymerase, which
is recruited by the transcription factors during the transcription process. Although orf1731, another
predicted interacting partner of orf2573, is a hypothetical protein, ten other orfs were predicted to
interact with it, suggesting that it may be an important protein.
Next, through the prediction of phoB (or1782) binding sites, we added 81 operons to the pho regulon of WH8106. This set of proteins can be found at http://compbio.ornl.gov/~xyn/pathways/.
Finally, through phylogenetic analysis, we predicted that 120 proteins are also likely to play a role
in the phosphorus assimilation pathway of WH8102 (http://compbio.ornl.gov/~xyn/pathways/).
Even though these two methods cannot define the precise positions and roles in the pathway of the most
of predicted proteins, there are some interesting observations made on these predictions. For instance,
the orf1888/orf1889 operon, predicted to be involved in the phosphorus pathway by phologenetic
analysis, are homologous to phoR/phoB. It will be interesting to invetstigate their functions experimentally. Another two-component system predicted to be involved in this pathway is orf44/orf45, and
orf44 was annotated as a Pi -binding protein. It has been shown that P i limitation is correlated with
up- or down-regulations of both specific phosphate-stress response proteins and general stress response
proteins [2]. Thus, these predicted sensor/response systems might play an important role in the global
responses during phosphate-starvation either through a general mechanism or through the interactions
between these systems and the phoR/phoB system. Notably, orf2061, orf911, orf1121 orf2573, orf2253
and orf1921, predicted to be involved in the pathway based on the predicted protein-protein interaction map (Figure 2B), are also predicted to be involved in the pathway through phylogenetic profile
analysis.
Based on the predicted initial pathway model, proteins added to the initial model through the
Refinement and Extension Step, and our general knowledge about phosphorus assimilation processes,
we have manually built a pathway model for the phosphorus assimilation pathway in WH8102, as
shown in Figure 3. While experimental validation will be needed to build a final pathway models, the
information provided by this computational protocol should be very useful in terms of target selection,
and experimental design, especially for determination of a specific pathway of a less-studied species
as WH8102.
In conclusion, we have developed a practical and effective computational protocol for deriving regulatory and signaling pathways in a microbial organism. Our initial application results on construction
of phosphorus assimilation pathway are highly encouraging. The predicted pathway models provide
highly useful information for rational design of experiments to fully characterize the pathways. We
expect that such a combined computational-experimental procedure will prove to be generally applicable and highly effective for pathway inference of a large class of regulatory and signaling pathways
in a systematic and efficient manner. While the front end of this protocol currently requires human
involvement in information extraction from published literature and logical inference to piece together
generic pathway models, we expect the amount of human involvement could be significantly decreased
as the technology matures.
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Figure 3: Predicted model of phosphorus assimilation pathway in WH8102. At low P i levels, phoR
is activated, which leads to the activation of phoB. The activated phoB regulates the transcription of
genes whose promoters contain a phoB binding site. These proteins include pstSCAB, pstS, phnCDE,
phnX, and phoBR operons and possibly others. Moreover, orf1888/orf1889 and orf44/45 are twocomponent regulatory systems that are probably involved in P i limitation induced global responses.
PhoR can also interact either directly or indirectly with other transcriptional regulators such as orf911
and orf2573, forming a hierarchical transcription regulatory network. For most of the proteins predicted to be involved in the phosphorus assimilation pathway through binding site predictions and
phylogenetic profile analysis, we do not know their specific positions in the pathway at this moment.
Genes in color: components in the initial model; genes in black: predicted by expansion step, one box
may stand for multiple genes.
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