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Background

A catalog of all the protein interactions that occur in an orgamsuld provide a useful
starting point for understanding the functions of proteins and entire lbalogystems.
Several research groups have performed large-scale screlerbengoal of identifying all
of the protein interactions, or the interactome, for a given ongani©ne productive
approach has been to co-affinity purify (co-AP) members of protemplexes using
affinity-tagged bait proteins and then to identify the complex be¥m using mass
spectrometry (MS). This approach has been particularly usefusifgite-cell model
organisms likeEscherichia coliand Saccharomyces cerevisjam which large sets of
affinity-tagged proteins can be expressed readily and co-APa&vi®e performed on large
guantities of cells [1-6]. A complementary approach that detbotary protein
interactions rather than protein complexes is the yeast yoehsystem [7]. In contrast
to the co-AP/MS studies, large-scale yeast two-hybrid ssregeasure interactions in an
artificial setting, the yeast nucleus, with the goal of mapgil of the possible specific
binary interactions that may ocdarvivo. Large-scale yeast two-hybrid screens have been
used to probe the interactomes of a wide range of organismsvireses to humans (see
refs. [8-10] for reviews). The yeast two-hybrid screens anddh®P/MS studies provide
at least a static picture of protein interactions that mayraoeder one or a defined set of
in vivo conditions. The resulting interaction maps can provide a framewark f
understanding pathways and molecular machines, particularly whennsmmbith other
types of functional genomics data including gene phenotypes and dymdarimation

such as gene expression, protein expression, and protein localization data.

Very few bacterial species have been analyzed at the proteewet for protein
interactions. For example, large-scale systematic detetioninaf binary protein
interactions has only been described for one bacterium to Heliepbacter pylori[11].
That study resulted in interactions covering 46 % ofHheylori proteome (Additional
data file 1). MeanwhileE. coli is the only bacterium for which protein complex
purifications have been applied at the proteome scale [1, 6]. Bimatgin interactions
predicted from these studies include 80% of Ehecoli proteome. With the immense

number and diversity of different bacterial species that exishuge reservoir of



Results

Systematic identification of protein interactions forC. jejuni NCTC11168

We used a yeast two-hybrid pooled matrix approach [21, 22] to sdozehinary
interactions among the predict€d jejuniNCTC11168 proteins. We generated two arrays
of yeast strains that expressed full lenGthjejuni ORFs fused to the LexA DNA-binding
domain (BD) or a transcription activation domain (AD), respetyi (Materials and
Methods). Over 89% of the predict€d jejuni ORFs are represented in the arrays (Table
1). To sample all possible binary interactions, each member @Rharray was mated
with pools containing approximately 96 AD strains and the resultiplgids were assayed
for reporter activity. Each BD strain was then tested witryeyAD strain comprising the
pools with which it was positive to identify the specific intérag protein pair. The
activities of the two yeast two-hybrid reporters were indepathdguantified based on
growth on selective media and color on X-Gal plates, as previdesigribed [21]. Our
screen initially detected a total of 16,022 putative interactionl wabove-threshold
reporter scores (after subtraction of background activity fbr fisions capable of
activating the reporters on their own). An additional 82 unique interectere identified
using a library screen (Materials and Methods). We retéseedombined 16,104 initial
positives in individual one-on-one mating assays of BD strains andstidins, and
reproduced 11,687 of them. The majority of non-repeating interactioralynitad shown
low levels of reporter activity. The 11,687 repeated interactions welteded in our final
data set (CampyYTH v3.1) (Figure 1a).

The interaction map includes all of the major protein types and is not sigrifieanthed

for any particular gene classification (Additional data file 2As expected, however,
integral membrane proteins are slightly depleted (Additional filat 3), which was likely
due to failure to reach the nucleus or improper folding in the nucte@roament. The
high coverage (80% of the predicted proteome) can be attributed iro gaet humber of
proteins tested, to the systematic pooled matrix approach, and tsdhef wegulated

promoters to detect interactions with toxic proteins or protéiasdctivated the reporters



on their own. For example, proteins toxic or inhibitory to yeast were successfully assayed
by expressing the fusion proteins with an inducible rather than constitutive promoter [23].
Constitutive expression of inhibitory proteins can result in down regulation of the fusion
proteins and loss of the ability to detect interactions [21]. In this study we found that 114
(7%) of the proteins in our array were either toxic or inhibitory to yeast (Additional data
file 4). Nevertheless we were able to detect over 700 interactions that involved these

proteins, including the well-known GroES-GroEL interaction.

Data quality and confidence scores.

To help distinguish true positives from false positives we applied a statistical method to
generate confidence scores for each interaction [24, 25]. We used logistic regression to
assign weights to a set of experimental interaction attributes based on how well they
correlated with biological significance. Sets of putative true positives and false positives
were used to train the scoring system on biological significance (Materials and Methods).
One interaction attribute that strongly correlated with putative true positives, for example,
was the level of reporter activity, an attribute not determined in most previous large-scale
two-hybrid screens. An attribute that correlated with false positives was the number of
interaction per protein. The weighted attributes were combined in a model that assigned
probability scores between 0 and 1 to each interaction. Choosing 0.5 as the threshold
between low and high confidence interactions resulted in 2884 (25%) of the reproduced
interactions falling into the higher confidence set (Figure 2a), which covered 67% of the C.
jejuni proteins. As an independent test of the confidence-scoring system, we demonstrated
that interactions with higher confidence scores were significantly more likely to involve
pairs of proteins known to function in the same biological process, as would be expected
for true positives, than do an equal number of randomly selected low scoring interactions
(p < 3*10™") (Figure 2b). For this analysis we used the biological role classifications that
had been assigned previously [26], but which played no part in generating the confidence
scores. Similarly, we found that the higher confidence interactions generally included
more pairs of proteins that share more detailed Gene Ontology [27] functional annotations
(Figure 2c). Combined, these analyses indicate that the confidence scores are a useful

measure of biological significance to guide future studies.



network relative to the othe(8.93 interactions per protein k. pylori versus 1.47, 2.44,
or 9.52 interactions per protein in the entire proteomnie. @bli, S. cerevisiaeor C. jejuni
respectively). Furthermore, the fraction of the genome covered hyténaation networks
differs markedly between specieBecause the NetworkBlast algorithm identifies densely
conserved regions of protein networks, sparse regions conserved betwsdori andC.
jejuni would not have been detected. Further analysis of the conserved sakrehnthis
study allowed the prediction of a total of 379 néwjejuniprotein interactions (Additional
data file 7). These interactions were not present in the exgamyeast two-hybrid
analysis, but were derived from the significant conserved subnetvib@assd on the
presence of the orthologous interactions Bn coli or S. cerevisiae(Materials and
Methods). Such predictions have become a powerful way to construet complete

interaction maps using incomplete experimental data [34, 35].

To explore the potential relationships among conserved subnetworks, aveietsgchical
clustering to group proteins by their subnetwork memberships @)t These clusters
support the idea, previously argued by Gavin et al. [3], that theorletss composed of a
set of functional “cores” that interact with interchangeabledules” to constitute distinct
cellular functions. Both cores and modules appear as groups of praf#insimilar
profiles of subnetwork membership; however, while core proteins appeanany
subnetworks, modules appear in relatively few. Moreover, cores m@gal in the
presence or absence of multiple modules, whereas modules arelgdaeral only in the
presence of a particular core. These data suggest a higheofl®rganization amongst
protein interactions within organism-wide interaction networks. Addilipnaerarchical
clustering also reveals that the conserved portion dEthejuniprotein-protein interaction
network generated from the comparison@f jejuni and E. coli is distinct from that
generated by the comparison 6f jejuni and S cerevisiae This may reflect key
differences in divergence between the prokaryd@esjejuni and E. coli versusthe

eukaryotesS. cerevisiae

A framework for protein function predictions and pathway mapping

Examination of proteins in th€. jejuni map that have been assigned a function (for
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cysteinylglycine [54]. In our map Cj0980 interacts with nine proteins predicted to be
essential. One of these proteins, Cj0240c, is a homolog of IscS, a cysteine desulfurase
required for the synthesis of all tRNA thiolated nucleosides in E. coli [55]. Interestingly,
four additional interactors of Cj0980 are tRNA synthetases. Whether or not their product
tRNAs are modified in C. jejuni has not been determined, but this series of interactions
suggests a possible pathway or protein complex that mediates the transfer of a thiol group

originating from cysteinylglycine to specific tRNAs.

Discussion

The large-scale interaction studies performed to date have fallen short of complete
interactome coverage. The most complete large-scale yeast two-hybrid screens have
covered only around 54% of the proteome in Drosophila[22, 25, 56], 46% in Helicobacter
pylori [11] and 55% in yeast [57-59], while Co-AP/MS studies have reached 80% and 67%
of the E. coli and yeast proteomes respectively [1-6] (Additional data file 1). Complete
interactome coverage should include most of the proteome, since most proteins are
believed to function at least in part through interactions with other proteins. A major
factor contributing to incomplete coverage is the incomplete nature of the high-throughput
screens, as indicated by the minimal rate of overlap observed between independent large-
scale screens (Additional data file 1) [22, 59]. Thus despite the usefulness of the data from
various interaction mapping efforts, the low interactome coverage is likely to limit efforts
to predict protein functions, map pathways, and characterize protein networks. Low
coverage also limits the opportunity for cross validation, which is particularly important
for high throughout data sets because they tend to have high rates of false positives [24,
60].

We have made substantial progress towards defining the C. jejuniinteractome. Based on
the number of ORFs included in the interaction dataset we have covered 80% of the
proteome, and our higher confidence dataset covered 67%. An expected consequence of
performing high-throughput screens, which tend to be subsaturating, is that some
interactions that are detectable by two-hybrid are missed [10]. We set out to minimize

these false negatives by using a highly sensitive two-hybrid system, inducible promoters to
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interactions in other species, which is particularly important given the difficulty of
obtaining complete coverage in high throughput screens, and the lack of suitable screening
systems for many species. The C. jejuni interaction map generated here substantially
increases the protein interactions detected thus far for the prokaryotic domain of life. The
map should provide a useful starting point for predicting the functions of uncharacterized

proteins and for mapping functional pathways in C. jejuniand other prokaryotes.

Materials and Methods

Strains and Plasmids.
The two-hybrid system used here is based on the version originally described by Brent and

colleagues [63]. C. jejuni ORFs were cloned into the yeast two-hybrid vector pJZ4-NRT
for expression of activation domain (AD) fusions driven by the yeast GAL1 promoter [22],
and pHZ5-NRT for expression of LexA DNA binding domain (BD) fusions driven by the
yeast MAL62 promoter [23]. Both vectors contain recombination tags for direct cloning of
tagged inserts (see below). Yeast strain RFY231 (MATa trplD::hisG his3 ura3-1
leu2:3LexAop-LEU2) contained the AD plasmids, while Y309 (MATa trplD::hisG
his3D200 leu2-3 lys2D201 ura3-52 mal- pSH18-34(URA3 lacZ)) contained the BD
plasmids. The reporter genes include LEUZ2 facilitating growth on medium lacking
leucine, and lacZ expression of which turns yeast colonies blue when the substrate X-Gal

is present.

Generation of yeast two-hybrid arrays for C. jejuni.

PCR amplification of over 87% of the predicted ORFs from C. jejuni NCTC11168
genomic DNA was previously described [64]. The amplification products included the 21
bp recombination tags 5RT1 and 3RT1 at their 5’ and 3’ ends, respectively, which match
identical sites flanking the insertion site in the yeast two-hybrid vectors. PCR products
were cloned into the vectors via homologous recombination in yeast as described
previously [22]. To validate the identity of the insert in each vector, the 5’ ends of the
inserted PCR products were sequenced. 1398 BD strains and 1442 AD strains containing

the two-hybrid vectors with inserts were generated of which 90% have been sequence
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that repeated were combined with 325 non-repeated interactions thaighatbnfidence
scores (see below) to create a data set containing 12,012 imtesaethich we named
CampyYTH v3.1. This version of the dataset was subsequently usediftiormatics
analysis as indicated. The interaction data can be visualwedaavnloaded at [17]. The
CampyYTH v3.1 data is also listed in Additional data file 13.

Assignment of confidence scores

Confidence scores were determined for each interaction based bodsekescribed by
Bader et al. [24, 25]. We fit a generalized linear model [66hgusixperimental and
topological attributes of yeast two-hybrid interactions, includinghtiaber of interactions
for each protein in a pair and the Leu dadZ reporter activities Fitting the model
required both positive and negative training sets. Because a refeseh®f known
interactions is not available f&. jejuni we derived a set of positive training data (85
interactions total) by assuming that the conserved interacti@egor@cal best match
interologs) in common with either tHe coli low-throughput interaction set [28], thé
pylori yeast two-hybrid set [11], or tH& coli protein complex set [1] are likely to be true
positives. We derived a set of likely true negatives (111 tadaljhie negative training
data by considering interactions between proteins whose orthol&gscwli or H. pylori
were separated in the respective interaction maps by greater thanrtigealistance of all
pairs (>= 4). Positive and negative training cases were vegighversely to the number
of interactions in each set. When training sets are weightedvay, a confidence score
greater than 0.5 means that available data and features suppertsihecific interaction
has a better than random chance to be a true interaction|lols 8.5 to be used as the
threshold between high and low confidence interactions. Validation usitejmpfeatures
not used in the scoring system support the choice of 0.5 as aolldrdsh higher
confidence interactions (discussed further in Additional data file 14; see alse Bir). Of
the attributes tested, the numbers of interactions per proteinfaugnd to be negative
predictors of biologically relevant interactions, while reportetiviies were positive
predictors. To evaluate the scoring model, we performed a sttafifie-fold cross
validation. Cross validation reported a precision of 91.4% and a &c@B.9%, which

gave us confidence that it is a reasonably well-fitted modes. thn used the full sets of
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positives and negatives in training and obtained our final logistic model. The final model
was used to compute confidence scores for 16,104 initial positive interactions prior to
retesting. Of these, 3,209 scored higher than 0.5, which we define as the High Confidence
Set (HCS). Of the interactions with high confidence scores (>0.5), 90% corresponded to
interactions that repeated when retested, while only 68% of the low confidence interactions
repeated. Further discussion and details of the confidence scoring system are available in
Additional data file 14.

Evaluating the confidence score model.

Main role annotations ‘mainrole’ were downloaded from [67]. Excluding self-interactions,
out of the 3209 high confidence interactions, 2599 have ‘mainrole’ annotations, and 454
share at least one ‘mainrole’ annotation. We generated 5000 groups of 2599 randomly
selected interactions that have ‘mainrole’ annotations and have a confidence score lower
than 0.5. The number of pairs in each set that share ‘mainrole’ annotations was counted.
The distribution was plotted in a histogram and compared with the high confidence set
(Figure 2b). To examine whether high confidence interactions tend to share more detailed
GO [27] annotations, we grouped interactions into confidence bins so that each bin
contains only interactions with scores falling into a specific range. For each interaction, we
determined the deepest level of GO biological process annotations shared by the pair of
genes, and calculated the average depth of shared biological process for each group. Since
GO ontology for C. jejuni NCTC11168 was not available, we used annotations for best
match orthologs of C. jejuniRM1221 genes [68]. Figure 2c shows that there is a general
pattern of increased depth of shared GO terms for interactions with confidence score
higher than 0.5. This fact also suggests that our choice of 0.5 as a high confidence

threshold is meaningful.

Assessment of functional enrichments

The frequency of each Gene Ontology (GO) description from the iProClass database [69],
amongst all of the proteins comprising the proteome was determined and compared to their
frequency within the CampyYTH v3.1 dataset or the high confidence subset (Additional
data file 3). A similar analysis was performed using the functional classifications assigned
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Essential gene analysis and network assembly

We generated lists of putativ@. jejuni NCTC11168 essential proteins by identifying
reciprocal best match orthologs of likely essential protems 8. subtilis[75] andE. coli
[76]. We removed genes from our putative essential list if viablenrmutiants have been
reported (Dr. B. Wren, personal communication). To examine theoredhaip between
essentiality and centrality in the interaction map, we compintechumbers of essential
and non-essential proteins in groups having the same number of interactions (dethese) i
higher confidence data set (interactions with confidence sco83. Ihe result is shown
in Figure 7, where r values in the graphs represent Pearsatation coefficient between
the fractions and the degrees. Figure 7 shows that there isstatorr between degree of
proteins and the likelihood of being essential. A similar resast obtained with the entire
dataset CampyYTH v3.1 (not shown). Lastly, we computed the frastiessential and
non-essential neighbors of each essential protein and compared this fraction for
random groups of proteins (of the same size as the set of espeoi&ahs). The results
shown in Additional data file 11 indicate that essential genes tehdvie more neighbors
that are also essential. p-values indicate the probabilitgehg the real fraction (the red

dot) by chance.

Additional Data Files

The following additional data are available with the online verstd this paper.
Additional data file 1 is a table summarizing proteome coveragm flarge-scale
interaction screens. Additional data file 2 is a table listimgrepresentation of functional
categories amongst the proteins in the CampyYTH v3.1 datasetiohddlidata file 3 is a
table listing the Gene Ontology (GO) category representatioongst the proteins in
CampyYTH v3.1. Additional data file 4 lisG. jejunigenes that were toxic or inhibitory to
yeast growth. Additional data file 5 is a table comparing netwledtures across
organisms. Additional data file 6 lists conserved subnetworks bet@egnuni andE.
coli or C. jejuni and yeast. Additional data file 7 lists predict€d jejuni protein
interactions. Additional data file 8 is a higher resolution versiokigiire 5, showing

hierarchical clustering of conserved subnetworks. Additional filat8 is a table listing
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Figure Legends

Figure 1

C. jejuniprotein interaction networks. (a) The C. jejuniinteraction dataset (CampyYTH
v3.1), and (b) the higher confidence subset. In each case most of the proteins (square
nodes) are connected into a single large network; the unconnected interactions are in the
upper right of each panel. The networks in (a) and (b) connect over 79% (663 total) and
65% (548 total) of the unnamed and presumed poorly characterized proteins (yellow
nodes), respectively.

Figure 2

Confidence scores assigned to the C. jejuni protein interactions. (a) The distribution of
confidence scores generated for the CampyYTH v3.1 protein interactions are shown in red.
The distributions of scores for the training sets containing likely true positives (green) or
true negatives (black) are also shown. (b) Protein interaction pairs with high confidence
scores (HCS; confidence scores >0.5) share the same functions significantly more
frequently (p-value < 3*10') than protein pairs comprising interactions with low
confidence scores (LCS; confidence scores <=0.5). Protein “self” interactions were
excluded from the analysis. (c) The average depth of shared Gene Ontology biological
process annotation was determined for the interactions comprising each confidence score
bin. Higher confidence interactions generally involve proteins with the same functional
annotation at greater depths of precision. The two dotted line segments are linearly fitted
lines between average GO depth and bin number in two regions, from 0.5 to 0.9 and 0.9 to
1.0. Protein “self” interactions were excluded from the analysis.

Figure 3

Comparison of the C. jejuniinteraction map with other datasets. The interactions found in
common, or overlap (red dots) between the C. jejuni two-hybrid map and interologs
predicted from other organisms was determined. This was compared to the overlap
between the interolog datasets and 2,000 random maps generated by randomly switching
pairs of links in the original yeast two-hybrid map; which preserves network degree
distribution. (a) The two-hybrid map shared 28 interactions with a reference set containing
147 interologs of E. coli low-throughput literature-cited protein interactions, significantly
greater than the overlap with the random maps. (b) 50 C. jejuniinteractions were shared
with 1165 interologs predicted from the H. pylori protein interaction dataset [11]. (c) 124
interactions were shared with a set of 3743 interologs predicted from a large-scale E. coli
protein complex study [1]. (d) 76 interactions were shared with a set of 4056 interologs
predicted from a second E. coli protein complex pull-down study [6]. A complete list of
the predicted interologs used for these analyses can be found in Additional data file 12.

Figure 4

Characteristics of the C. jejuniprotein network. (a) Degree frequency distribution for the
entire two-hybrid data set (CampyYTH v3.1). k = degree, the number of connections to a
protein. P(K) = the probability that a node has k connections. A power law fit yields: y =
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0.4153 x-?% R? = 0.88. (b) Degree frequency distribution for the high confidence dataset
(confidence scores > 0.5). A power law fit yields: y = 482'23«R? = 0.89. (c) Rank-
degree distribution for the entire two-hybrid data set. The Bmgrplot more closely fits
an exponential curve (red line? R 0.97) than a power law curve (black lin€, R0.81.
(d) Rank-degree distribution for the high confidence data. The semldbgnore closely
fits a power law curve (black line,’R 0.91) consistent with a scale-free netwot&) (f)
The distribution of the average clustering coefficient (C)degree k for the entire two-
hybrid data set (e) and the high confidence set(f)s equal to the number of interactions
among a protein’s interactors as a fraction of all possibleaitiens. (g) Frequency of
pathlength (the shortest distance in interactions between two rfodéis¢ entire data set.
(h) Frequency of pathlength for the high confidence data.

Figure 5

Identification of conserved core subnetworfe. Representative examples of subnetworks
conserved between two organisnds. jejuni subnetworks are on the left. The top and
middle subnetworks (#142 and #307 in Additional data file 6) are conserved webl..
The bottom subnetwork (# 56) is conserved with y8asterevisiae Bold lines represent
direct interactions, whereas thin lines represent indirect ctterns that are direct in the
comparison organism (i.e., these are predicted interactions). Geres ©an be read by
zooming in. A complete list of conserved subnetworks betweenliandS. cerevisiaés
available for download at [73{b) Hierarchical clustering of the conserved subnetworks.
In the clustergram, rows represent proteins and columns repf@sg@ijtini subnetworks
that are conserved with either yeast (left)Eorcoli (right). Cores (boxed in red) and
modules (boxed in blue) are defined as groups of proteins with sipntdiles of
subnetwork membership. The cores and modules are enriched forcspiewfions. For
example, Core 1. Serine family amino acid metabolism; Moduleskilne family amino
acid biosynthesis; Module 1-2: generation of precursor metabolitesnengy; Module 1-

3: oxygen and reactive oxygen species metabolism. A largsiomepf this figure
including complex and protein names (Additional data file 8) and aofisiunction
enrichments (Additional data file 9) are available in Additional data files

Figure 6

Identification of theC. jejuni motility protein network(a) The subset of high confidence
interactions involving all proteins annotated [26] as having roles inlityot Only six
small networks fall outside of the single large network. Protiore are as follows: blue,
putative chemotaxis proteins; red, putative methyl-accepting cheimqiateins (MCP);
green, putative flagellar/motility proteins; and yellow, proteinsarototated as motility-
related. The box highlights CheA and its interactors includiji43 (see text). Gene
names can be read by zooming {in) A subsection of the motility network highlighting
the proteins in the canonical chemotaxis signal transduction pati@y,(CheW, CheA,
CheY, and FliM) and their interactors. Proteins are colorad &s), above. To improve
visibility of interactions comprising the chemotaxis backbone, nodespretiously
identified as related to chemotaxis or motility (yellow) wegmoved if they connected to
only one red, blue, or green node.
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Figure 7.

Fraction of putativeC. jejuni essential genes among genes of the same de@reejuni
genes in the higher confidence interaction map (confidence scorendesollected into
different groups according to their degrees (number of interagi@mtners). For each
degree group the fraction of putative essential genes was computptbthed as shown.
Solid lines in the graphs were fitted using the available dataspoirite r values represent
Pearson correlation coefficients between fractions of putatisengal genes and their
degrees(a) PutativeC. jejuni essential genes are orthologskofcoli genes identified as
essential by Baba et al., [76p) PutativeC. jejuni essential genes are orthologsBof
subtilits genes identified as essential by Kobayashi et al., []PutativeC. jejuni
essential genes are the intersection of genes predicted to hea¢$smm theE. coli and
B. subtilissets. (d) PutativeC. jejuni essential genes are the union of Ehecoli andB.
subtilis sets.

Figure 8

A C. jejuni network enriched for putative essential proteins. The network cor@ains
jejuni orthologs of genes proposed to be essentiaE.incoli (triangles), B. subtilis
(diamond), or in both organisms (rectangles). Additional proteinslés)rwere included
only if they interacted with more than one of the putative essegins. All of the
protein interactions shown have confidence scores >0.5. The mapnso2@di proteins
and 480 interactions. Proteins are colored based on their functiorsdicdéion [26]; red,
ribosomal protein synthesis and modification; blue, DNA replication,
restriction/modification, recombination and repair; green, cell enveldpeuoise,
aminoacyl tRNA synthetase and modification; orange, biosyntloésésnino acids and
fatty acids; purple, energy and central intermediary metabollarender, cofactor,
prosthetic group and carrier biosynthesis; gray, purines, pyrimjdmedeosides and
nucleotide biosynthesis; brown, transcription and translation; yellowgthgfcal; pink,
misc. Gene names can be read by zooming in.
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Figure 3
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