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Computational modeling of the Plasmodium
falciparum interactome reveals protein function

on a genome-wide scale
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Many thousands of proteins encoded by the genome of Plasmodium falciparum, the causal organism of the deadliest
form of human malaria, are of unknown function. It is of utmost importance that these proteins be characterized if
we are to develop combative strategies against malaria based on the biology of the parasite. In an attempt to infer
protein function on a genome-wide scale, we computationally modeled the P. falciparum interactome, elucidating local
and global functional relationships between gene products. The resulting interaction network, reconstructed by
integrating in silico and experimental functional genomics data within a Bayesian framework, covers ~68% of the
parasite genome and provides functional inferences for more than 2000 uncharacterized proteins, based on their
associations. Network reconstruction involved the use of a novel strategy, where we incorporated continuously
updated, uniform reference priors in our Bayesian model. This method for generating interaction maps is thus also
well suited for application to other genomes, where pre-existing interactome knowledge is sparse. Additionally, we
superimposed this map on genomes of three apicomplexan pathogens—Plasmodium yoelii, Toxoplasma gondii, and
Cryptosporidium parvum—describing relationships between these organisms based on retained functional linkages. This
comparison provided a glimpse of the highly evolved nature of P. falciparum; for instance, a deficit of nearly 26% in
terms of predicted interactions is observed against P. yoelii, because of missing ortholog partners in pairs of
functionally linked proteins.

[Supplemental material is available online at www.genome.org and results from this study are available for download

from http:/ / cbil.upenn.edu/plasmoMAP/.]

The genome sequence of Plasmodium falciparum, the causative
organism of the deadliest form of human malaria, has revealed
many surprising details about the parasite, including the novel
nature of its many genes. More than 60% of the genome is as yet
uncharacterized; a majority of the genes bear no acceptable se-
quence homology with known genes in other organisms (Gard-
ner et al. 2002). If we are to develop effective control strategies
against malaria based on parasite biology, it is essential that we
characterize these many unknown genes and their products and
understand the interactions between them, both locally and on a
genome-wide scale.

Here we describe computational modeling of the Plasmo-
dium falciparum interactome, which reveals local and genome-
wide functional relationships between proteins in the parasite
genome and permits functional assignments based on associa-
tions between characterized and uncharacterized proteins. The
interactome, as captured by a network of pairwise functional
linkages, was reconstructed by integrating data from publicly
available P. falciparum transcriptome profiling studies and link-
ages generated in silico within a Bayesian framework. Data inte-
gration for inferring protein associations proves advantageous for
two well-known reasons—first, combining data from diverse,
large-scale studies of genome, which vary considerably in their
accuracy when compared against standardized sets, generates
data sets of higher quality (von Mering et al. 2002; Jansen et al.
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2003; Lee et al. 2004), and second, data integration effectively
captures different aspects of the parasite biology, as reported by
the individual methods (Lee et al. 2004). The P. falciparum inter-
action network thus contains a proportion of functional links
that are supported by multiple lines of evidence and includes
functional relationships arising from direct physical contact,
such as membership in the same physical complex, as well as
more subtle relationships, such as linkages due to membership in
the same cellular pathway or system.

The Bayesian framework we employ yields a likelihood score
for individual protein pairs as a measure of goodness. Given re-
liable standards of reference, often referred to as “gold stan-
dards,” and reasonably estimated prior odds, such naive Bayesian
models and their variants have recently been used to successfully
integrate diverse data types, yielding probabilistic measurements
of yeast interactome (Jansen et al. 2003; Troyanskaya et al. 2003;
Lee et al. 2004). Data integration is primarily achieved by mea-
suring individual accuracies in the context of overlap with the
gold standards, then substituting or supplementing them with
appropriate weights or scores. This simultaneously allows for
standardization and incorporation of expert knowledge in the
model. The likelihood of a pair of genes being functionally
linked, within this scheme, is thus an estimate of the combined
strength of linkages for the pair from all included data sets. This
method for network reconstruction, outlined in Figure 1A, re-
veals a general strategy that is highly suitable for application to
other minimally studied genomes as well, where protein-protein
interaction data is sparse. The reconstructed P. falciparum inter-
action network provides functional information for 3667 genes
or their products, at varying levels of confidence. We describe
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Figure 1. A generalized strategy for integrating diverse functional ge-
nomics data and reconstructing functional interaction networks. (A) A
salient feature of this strategy involves the use of reference priors con-
taining an assumed number of links, in the absence of knowledge about
gene interactions in a genome. An appropriate prior that accurately re-
flects the state of genome can then be used to isolate a confident result
set. (G) Benchmark gold standards; (P) phylogenetic profile data; (R)
Rosetta stone linkage data; (E) gene expression data (E,: Bozdech et al.
2003; E,: Le Roch et al. 2003); (M) mass spectrometric data (M, and M.,).
Dark boxes indicate benchmarks; boxes with double borders indicate in
silico data. (B) Prior knowledge about the possible number of functionally
interacting proteins leads to a corresponding likelihood score threshold,
with posterior odds of finding a true pair of functionally linked proteins
greater than one. Likelihood score thresholds and the ratio of true to false
positives were calculated as described by Jansen et al. (2003). For our
chosen threshold, the number of proteins assumed to functionally inter-
act with each other corresponds very closely with the number of proteins
with predicted functional linkages in our final data set. Linkages from the
shaded area were used for network reconstruction. (Cross-hair) Chosen
likelihood score threshold and estimated accuracy; (@) approximate cov-
erage described by our prior belief; (#) ratio of true positives to false
positives.

several examples of how the map can be exploited to draw mean-
ingful biological conclusions, and how, in one case, it validates
the role of RESA proteins in heat-shock response. These interac-

tions represent a knowledge bank, which can be used to elucidate
the biology of the parasite and design experiments aimed at gene
characterization. All results of this study are available at http://
cbil.upenn.edu/plasmoMAP/ and will also be made available
through the PlasmoDB Web site (http://www.plasmodb.org; Kiss-
inger et al. 2002) as predicted linkages for individual genes.

Results

Naive Bayesian integration of in silico and functional
genomics data

Amino acid sequences of 5334 known or predicted P. falciparum
proteins were compared against 163 completely sequenced eu-
karyotic and prokaryotic genomes, using BLAST. These data were
used to construct phylogenetic profiles (Pellegrini et al. 1999)
and mined along with BLAST data from one additional genome
for the presence of Rosetta stone fusion proteins (Marcotte et al.
1999). After appropriate filtering, we retained phylogenetic pro-
files and Rosetta stone fusion information for 2813 and 993 pro-
teins, respectively (see Supplemental information). We also cal-
culated pairwise correlations between 3471 normalized gene ex-
pression profiles generated by large-scale microarray analysis of
the intra-erythrocytic developmental cycle (IDC) transcriptome
of P. falciparum, published by others (Bozdech et al. 2003, HB3
strain). Of all available microarray expression data sets, this set
affords the highest resolution of the parasite transcriptome over
48 time points and therefore yields more accurate correlation
values, although it does not include information about other life
cycle stages. Together, these three data sets capture functional
information for 4343 unique proteins (~81% of the proteome)
from all life-cycle stages of the parasite. A set of 655 proteins is
contained in all functional genomics data sets, whereas 2279
proteins are represented in at least two individual sets.

Positive and negative gold standards were derived using
pathway assignments from the Kyoto Encyclopedia of Genes and
Genomes (KEGG) database (Kanehisa et al. 2004), combined with
data from Gene Ontology Process assignments (GO process) (The
Gene Ontology Consortium 2004) provided by the sequencing
centers. We obtained 10,267 positive gold standard pairs (G) and
44,812 negative gold standard pairs (Gy) from these sources, con-
taining information from at least 57 distinct KEGG pathways,
based on Enzyme commission (EC) number annotation of 2 or
more components from each pathway (see Methods and Supple-
mental information). Likelihood scores for individual functional
genomics data sets were calculated by measuring the overlap be-
tween binned confidence measurements from each data set and
the gold standards. Final likelihood scores for each pair were a
product of likelihood scores from all individual data sets where
the particular pair was observed. Functional linkage data for two
other P. falciparum strains, 3D7 and Dd2, are provided at http://
cbil.upenn.edu/plasmoMAP/ (see also Supplemental information).

Estimating prior odds and prediction accuracy

Overall, we calculated likelihood scores for 8,019,065 pairwise
functional linkages, where evidence from one or more functional
genomics data sets was available. For this set of predicted links,
choosing a likelihood score threshold for accepting results de-
pended on accurately estimating the number of functionally in-
teracting proteins, representing our prior odds. Given the largely
unknown nature of the P. falciparum genome, this number is
difficult to determine. We therefore used a series of estimates of
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the number of functional interactions likely in parasite genome,
as our reference priors. These estimates of evidence were used to
derive likelihood score thresholds (see Methods for the relation-
ship between likelihood ratios and prior odds; see also Supple-
mental information). For each reference prior, we predicted func-
tional linkages with posterior odds of one or greater and calcu-
lated the accuracy of the result set by measuring the ratio of
observed true and false positives, based on comparison with the
gold standards. This procedure allowed us to accommodate all
prior beliefs regarding the possible number of links, estimate ac-
curacy of each set, and choose a relevant set of functional links
for map reconstruction. For the P. falciparum genome, these as-
sumptions are relevant for a broad numerical range of possible
linkages; however, they might prove ineffective if prior beliefs
hold that a very large or very small percentage of proteins func-
tionally interact with each other.

We accepted all links above a likelihood score threshold of
two, below which the ratio of true to false positives was less than
one, corresponding to the belief that approximately two-thirds of
all P. falciparum proteins are a part of the interactome (Fig. 1B).
This generated 388,969 functional linkages between 3667 pro-
teins, permitting description of ~68% of the P. falciparum genome
at varying levels of confidence. At least 69 KEGG pathways are
represented in this data set, based on EC number annotation of
two or more components, and ~30% (117,764) of all interactions
are supported by two or more lines of evidence (Table 1). Initial
quality of the functional linkages was determined by comparing
predicted links with different sets of randomized protein pairs
(see Methods). Taken together, these tests reveal a high average
accuracy of ~93% associated with the predicted functional link-
ages (Fig. 2A). As more rigorous tests, we formally verified our
results using sevenfold cross-validation and gain of information
using normal and shuffled sets of input data. The results of these
tests, as illustrated in Figure 2B, indicate a very large gain of
information over the shuffled input set, further attesting the
high quality of the integrated data (see Methods and Supplemen-
tal information for details).

Confirming network robustness to changing benchmarks

To assess the robustness of our predictions to changing bench-
marks and to detect overtraining, we compared information in

Table 1. Attributes of selected data sets

the predicted network with extraneous gene expression data (Le
Roch et al. 2003) and two independent mass spectrometric mea-
surements of the proteome (Florens et al. 2002; Lasonder et al.
2002; hereafter referred to as sets M; and M,, respectively). Spe-
cifically, we first polled the three large-scale data sets for indi-
vidual proteins that do not share the same life-cycle stages, that
is, proteins detected in only one of the sporozoite, gamete/
gametocyte, or erythrocyte-associated life-cycle stages where
available (we collectively refer to proteins not found in the spo-
rozoite or gamete/gametocyte life-cycle stages as proteins in
erythrocyte-associated stages for convenience). We then paired
proteins from similar and dissimilar life-cycle stages to create
additional benchmarks of positive and negative sets, respec-
tively, and compared these with functional linkages included in
our predicted set.

As a part of our input data was restricted to proteins in the
erythrocyte-associated stages, we first examined the interaction
network for biases with respect to representation of linkages from
various life-cycle stages of the parasite. For this analysis, we in-
cluded information about genes expressed only in the sporozoite
and gamete/gametocytic stages, based on data published by Le
Roch et al. (2003), and measured the agreement between the
positive and negative sets and our predicted network. Likelihood
scores show excellent agreement with these data; the number of
positives represented in our predictions increase corresponding
to likelihood scores, showing a general trend similar to the inte-
grated data (Fig. 2C). The map therefore substantially represents
functional relationships between proteins from all life-cycle
stages, without any bias. A similar exercise with the M; and M,
data sets reveals an increase in the number of predictions that
overlap with the positive set, underscoring the fact that pairs
with increasing likelihood scores gain accuracy, and the model is
robust to a variation of benchmarks (Fig. 2D,E). Differences ob-
served when dealing with the M; and M, data sets and results of
a test for spatial separation of linkages based on life-cycle stages
are discussed in Supplemental information.

Discussion

Several models based on Bayesian integration of data have been
developed and used to describe interactome networks in well-
studied genomes such as yeast. These have ben-
efited from the availability of high-quality cu-
rated interaction data (e.g., see the Database of

Interaction map  High-confidence subset

Interacting Proteins; Salwinski et al. 2004). In
the absence of such interaction data, we have

Number of unique pairs 388,969
Number of unique proteins 3667
Minimum true positive to false positive ratio 1

Number of unknowns 2216
unknowns linked to knowns 2109
unknowns linked to unknowns 107

Number of pathways represented (with more 69

than two components)?
Lines of evidence (by pairs)

from three sets

from two or more sets

from one set

1148 (<1%)
117,764 (~30%)
271,205 (~70%)

12,034 (~97%)

12,290 used KEGG database and GO process annota-

1415 tions to create a set of gold standards, the ef-

10 fectiveness of which has been demonstrated
507 . .

410 previously (Pellegrini et al. 1999; Date and

97 Marcotte 2003). One possible drawback of us-

56 ing KEGG pathways is the introduction of a

systemic bias in favor of more metabolic

502 (~4%) knowledge in training and testing. Although

we cannot discount such a bias, it is difficult to

256 (~2%) estimate its extent in our predictions. Other er-

Pairs included in the interaction map were selected based on the total likelihood scores that
were =2, while pairs in the subset of high-confidence links were selected for likelihood scores
=14. Details of information about pathways represented in these sets are available at http://

cbil.upenn.edu/plasmoMAP/.

“The number of shared pathways is described based on EC number annotation of KEGG path-

way components.

rors, when directly using linkages included in
this map, might arise from our use of expres-
sion data from a single life-cycle stage
and the use of simple measures like Pearson
correlation to calculate similarity between ex-
pression profiles. As more functional genomics
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Figure 2. Quality of the predicted set of functional linkages and comparison with other functional genomics data sets. (A) Initial data quality was
assessed using sets of randomly paired proteins (see Methods). Each graph indicates overlap between random sets and predicted linkages; darker shades
indicate false positives or overlap with random sets; (O) all possible P. falciparum pairs; (¢-}) proteins in network; (<) shuffled pairs from the map. (B)
Tests using sevenfold cross-validation and comparison with likelihood scores from shuffled input data indicate the suitability of the predicted functional
linkages for inclusion in the interaction map. Likelihood scores from the shuffled sets, indicated as (<), are significantly lower, and show a very high
percentage of false positives, attesting to the information gain when using normal linkages. The model is robust to changing benchmarks. Similar trends
are generated when tested with data generated by Le Roch et al. (2003) (tested with 21,486 positives and 8160 negatives) (C), the M, (tested with
267,716 positives and 699,029 negatives) (D), and M, (tested with 191,376 positives and 129,825 negatives) (E) data sets. A line (C,D,E) represents an
analytical fit to the data by least squares.
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data becomes available, however, the model can be retrained to
take advantage of new information, in turn making the predic-
tions more robust. With proper testing, advanced measures of
profile comparison, such as mutual information, could also be
applied to the expression data. Meanwhile, it is advisable to in-
terpret functional relationships in the light of other kinds of
biological knowledge, including, for instance, chromosomal lo-
cation, to avoid generating conflicting biological scenarios.

Exploring the P. falciparum interactome

The degree of coverage and sensitivity of ~21% are comparable to
results discussed in recently published studies of the yeast ge-
nome that use Bayesian integration schemas (Jansen et al. 2003;
Troyanskaya et al. 2003; Lee et al. 2004). Overall, ~60% of all
proteins in the reconstructed interaction map are currently an-
notated as hypothetical, of which about 95% (2109/2216) are
seen linked to other known proteins. One hundred seven hypo-
thetical proteins are linked only with other hypothetical pro-
teins, potentially representing new pathways or previously un-
characterized components of known biochemical pathways. An
interesting example involves functional links between
PF14_0123, an uncharacterized protein, and members of the
TCP-1 chaperonin-containing proteins (Fig. 3A). Members of
the TCP-1 ring complex (also referred to as TRiC or CCT) are
group II chaperonins conserved in Archaea and Eukarya and con-
tain two ring assemblies that help fold proteins that cannot be
folded by simpler chaperone systems. Besides a link to
PF14_0574, another uncharacterized protein, five of the six pro-

T-complex protein 1 subunits

Likelihood score >=14
14 > Likelihood score >= 3
Likelihood score < 3

phil

ey
putative
Known protein gt

Unknown protein

Query protein

clophilin
putative

Figure 3. Network neighborhoods of PF14_0123 and PFO8_0086. As-
sociations with known proteins suggest a strong role for PF14_0123 (A)
in the protein-folding machinery, whereas PF08_0086 (B) is likely in-
volved in protein folding and trafficking. PFO8_0086 is also linked to an
uncharacterized protein associated with splicing factors and RNA-binding
proteins. Together, PFO8_0086 and PF13_0138 are likely a part of a larger
cellular system involving protein synthesis and transport. Links were vi-
sualized using Cytoscape (Shannon et al. 2003). (Link colors) Phase tran-
sitions; (White links) highest confidence subset (see Results and Fig. 4).

teins to which PF14_0123 is linked represent different subunits of
the TCP-1 complex, strongly suggesting an association with the
TCP-1 complex proteins and a role in the protein-folding ma-
chinery.

PFO8_0086, another uncharacterized protein, is mostly seen
linked to cyclophilins (Fig. 3B). Of all proteins in this set of links,
six are annotated as cyclophilins, while two are annotated as
precursors to peptidyl-prolyl cis—trans isomerases. Cyclophilins
are known cis/trans isomerases that isomerize peptidyl-prolyl
bonds in peptides (Galat and Metcalfe 1995). These links suggest
a role for PFO8_0086 in protein folding and trafficking. Further,
PFO8_0086 is also linked to PF13_0318, another uncharacterized
protein, which in turn is functionally linked to known splicing
factors and RNA-binding proteins, suggesting a role for
PF13_0318 in transcription, mRNA processing, and translation
initiation. Taken together, functional associations between these
proteins reveal components that are actively engaged in protein
synthesis and transport and probably are parts of a larger cellular
system. The value of these associations is further enhanced given
the fact that cyclophilins have been considered possible chemo-
therapeutic targets for treatment of malaria (Gavigan et al. 2003);
such analyses will undoubtedly prove useful in further elucidat-
ing the downstream mechanism of action of cyclosporins and
other immunosuppressive drugs.

Linkage data for both uncharacterized proteins PF14_0123
and PFO8_0086 are supported by evidence from two different
functional genomics data sets. Similar analyses for other un-
known proteins reveal functional linkages that can be used for
function assignment (see Supplemental information for more ex-
amples).

Analyzing a subset of higher confidence links

When the distribution of proteins and protein—protein linkages
were examined with regard to the likelihood score thresholds, we
noticed phase transitions within the data, where the number of
functional interactions at a particular threshold increased by a
factor of two or more. We exploited these transitions to isolate
and describe a subset of our data with higher confidence than all
data combined. This data set includes functional links above a
likelihood score threshold of 14 or greater, representing 12,290
links between 1415 unique proteins, and two or more compo-
nents from 56 different KEGG pathways. Linkages above this
threshold include 10X more true positives than false positives,
by the test of Figure 1. When examined for the presence of false
positives generated by randomly pairing proteins similar to our
previous tests, nearly 96% of such pairs were excluded from this
set, as were ~95% of the shuffled pairs. This indicates the very
high accuracy of the included functional linkages, which also
represent the core of our interaction network.

Visualization of these links (Adai et al. 2004, see Supplemen-
tal information) reveals components of various systems, along
with clusters of mixed proteins (Fig. 4). A group of proteins that
predominantly consists of DnaJ domain proteins is also visible.
Based on this grouping, hypothetical proteins PFBO090c,
PF14_0359, MAL6P1.16, PF11_0026, PF10_0388, PF07_0002,
PFC1075w, and PFB0980w, almost all containing only a weak
DnaJ motif, appear to be putative members of the heat-shock
response machinery. Interestingly, a few proteins in the cluster
also contain RESA-like domains. Past studies have speculated on
the role of the RESA family given the prominent presence of the
DnaJ domain in these proteins (Watanabe 1997). Although it is
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possible that in our analyses we observe a grouping of proteins
involved in the heat-shock machinery only because of the com-
mon presence of the DnaJ domain, the grouping does suggest
that members of the RESA family of proteins may play some role
in the parasite response to heat shock. A recent study confirms
these speculations; Silva et al. (2005) report pronounced suscep-
tibility of resal knock-out parasites to heat shock, supporting the
conclusions drawn based on observed functional interactions in
our data set. Proximity to regions rich in the antigenically im-
portant var and Rifin proteins might also indicate a putative role
of the RESA family in antigenic variation (Marti et al. 2004).
Examples of insights into the functions of other proteins are
discussed in Supplemental information, along with details of the
transitions.

Linkage detection in other apicomplexa

In addition to interpreting functional associations in P. falcipa-
rum, we also examined retention of linkages in genomes of three
other apicomplexan species: P. yoelii, Toxoplasma gondii, and
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on network
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Figure 4. A subset of high confidence links as visualized by Large Graph Layout package (LGL, Adai
et al. 2004). The subset of links at a score threshold of 14 or greater contains 10 X the number of true
positives than false positives when measured against our gold standards. Several functionally relevant
subnetworks, such as that of proteins involved in transport, DNA polymerases, and histone proteins,
are also illustrated. These subnetworks also reveal the various types of functionally relevant associations
available; members that constitute parts of pathways, possess similar function, or even are subunits of

protein complexes are visible. Edges in the graph are unweighted.

confidence links

Protein Synthesis

ATPases DNA
polymerases

Cryptosporidium parvum. Superimposition of the interaction map
on these genomes reveals commonalities and differences be-
tween the organisms; by identifying linkages between a con-
served pair of orthologs, we are able to ascertain relationships
between organisms based not just on the presence or absence of
a gene or changes in sequence but more so in terms of an evo-
lutionary pressure for link retention.

Ortholog substitutions (OrthoMCL, Li et al. 2003; see also
OrthoMCL-DB, Chen et al. 2006) reveal that nearly 12% of P.
falciparum functional linkages are retained across all four ge-
nomes, while 87,798 linkages represented by 3307 proteins (see
Table 2), are exclusive to P. falciparum. Interesting biological ob-
servations based on these analyses are discussed in Supplemental
information. Intuitively, P. falciparum and P. yoelli are expected
to share the most number of links, as is evident from the data.
Interestingly, however, the same intuition underestimates the
exact significance of the differences between these two species. A
deficit of nearly 26% in terms of the predicted interactions exists
between P. falciparum and P. yoelii, where an ortholog for one
partner in a pair of functionally linked
proteins was absent, further highlight-
ing the well-known differences between
P. falciparum and P. yoelii (Carlton et al.
2002). It is likely that a majority of these
differences are due to the presence of the
var and rif/stevor families significantly
absent in the P. yoelii genome, along
with genes in other less-represented cat-
egories, such as the various physiologi-
cal process required for survival in a spe-
cialized habitat, cell-cell communica-
tion, and even aspects of invasion and
adhesion (Carlton et al. 2002). Examina-
tion of these unique linkages reveals
mostly functional associations involving
hypothetical proteins, suggesting that
the many unknown proteins in this or-
ganism play a significant role in its biol-
ogy.

RESA &

Transcription

Methods

Assembling functional genomics
data sets

The complete genome sequence of P. fal-
ciparum (Gardner et al. 2002) and ortho-
log information generated by Or-
thoMCL (Li et al. 2003) for P. falciparum,
P. yoelii (Carlton et al. 2002), T. gondii
(ToxoDB; http://toxodb.org), and C. par-
vum (Abrahamsen et al. 2004) were
downloaded as available from PlasmoDB
(versions 4.2 and 4.3; Kissinger et al.
2002). Amino acid sequences for 164
completely sequenced prokaryotic and
eukaryotic genomes were downloaded
from the National Center for Biotech-
nology Information Web site. Sequence
comparisons between P. falciparum pro-
teins and the downloaded genomes were
used to construct phylogenetic profiles
and determine the presence of Rosetta

Kinases

Electron
transport
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Table 2. A P. falciparum-centric view of the Apicomplexan world

P.f only P.f- C.p (1529) P.f- T.g (2536) P.f- P.y (4067) P.f—All
Number of linkages 87,798 60,748 138,252 287,931 47,364
Number of proteins 3307 1172 1978 3019 1001
Number of unknown proteins 2036 544 877 1783 420
Number of shared pathways with =2 components 68 43 67 68 38

The P. falciparum (P.f) functional interaction map was superimposed on the genomes of three other apicomplexan species: C. parvum (C.p), T. gondii
(T.9), and Plasmodium yoelii (P.y). Numbers in parentheses in the header row indicate the number of orthologs detected by OrthoMCL (Li et al. 2003).
These observations can be further refined as coverage and quality of the sequenced genomes improves.

stone fusion proteins. These data were filtered based on complex-
ity of the profiles and the presence of Rosetta stone fusion pro-
teins in other organisms (see Supplemental information for de-
tails). Genome-wide profile similarity was measured by calculat-
ing the mutual information for individual protein pairs (for
details of this procedure, see Date and Marcotte 2003). Linkage
confidence for each Rosetta stone pair was measured by calculat-
ing the probability of observing a given fusion by random
chance, using a hypergeometric distribution, and a correction
term based on the prevalence of homologs for proteins in a pair
(Verjovsky Marcotte and Marcotte 2002).

Expression profiles for 3471 proteins, as published by
Bozdech et al. (2003, HB3 strain) were obtained from PlasmoDB.
These profiles were normalized using the “printTipLoess”
method in R and smoothed using a least-squares fit to a sliding
window of five points (see The R Project for Statistical Comput-
ing, http://www.r-project.org/; normalized profiles were kindly
provided by G. Grant, Univ. of Pennsylvania) and Pearson cor-
relation was calculated for all possible pairs over the entire data
set. Smoothed and normalized expression profiles for the 3D7
and Dd2 strains were also obtained from PlasmoDB. These pro-
files represent average intensities of all probes that map to a
particular gene for each time point.

Data integration within a Bayesian framework

We created a set of gold standard reference sets using annotation
from the KEGG database (Kanehisa et al. 2004) and GO process
(The Gene Ontology Consortium 2004) annotation as supplied
by the sequencing centers (see Gardner et al. 2002), available via
PlasmoDB. The GO hierarchy was downloaded on December 16,
2004. Positive gold standard pairs (Gp) were created by pairing
proteins within the same KEGG pathway, provided the proteins
participated in three pathways or less, thus avoiding promiscu-
ous members. Negative gold standards (G,) were created by pair-
ing all proteins, with KEGG information, and excluding pairs in
the gold standard positive set. Exclusion of pairs that had one or
more common GO terms in seven consecutively increasing levels
of the GO hierarchy, allowed further filtration of this set of nega-
tive gold standards (see Supplemental information).

G = Gy\S, where S = {all protein pairs created based on one or
more shared GO terms between the pair, in up to seven levels
of the GO hierarchy}

For data integration within a naive Bayesian framework, we
first ensured conditional independence of the in silico data sets,
using scatter-plot analysis. Protein pairs from each of the func-
tional genomics data sets were binned, based on the confidence
measurements associated with each data set. For instance, expres-
sion profiles were binned for a 0.1 increase in correlation,
whereas Rosetta stone links were binned for every 10~ ! increase
(see Supplemental Table 1). A likelihood ratio (LR) for each pair
was calculated based on binned confidence measurements, as

described by Jansen et al. (2003). Briefly, members of each bin
were then tested for overlap with the gold standard sets, resulting
in a likelihood ratio for each bin, which was then assigned to
each member of the bin.

LR(Binpairs) = P(Binpairs | Gp) / P(Binpairs | GR)

A combined likelihood score for each protein pair was a
product of the likelihood scores from each of the three data sets
(Phylo = phylogenetic profile linkages, Rosetfa = Rosetta stone
linkages, Expression = gene expression profile linkages), with no
penalties for missing evidence from any set. For proteins (4, B),
the combined likelihood score is

LR(AIB) = LR(A:B)PhyIO X LR(AIB)Rosel‘m X LR(AIB)Expression

Likelihood score thresholds for each corresponding set of
prior beliefs were computed based on Bayesian inference, as
(@) X LR.

posterior

prior

Result testing and comparison

Initial quality of the generated predictions was measured by com-
paring links sampled from all possible pairwise linkages between
P. falciparum proteins and two sets of randomly generated link-
ages. For the first round, we measured overlap of 100 random
links from a set of all versus all pairs with the predicted func-
tional linkages. One thousand repetitions of this test revealed an
average overlap of 2.76 pairs. Next, we tested overlap of pairs
generated using 100 random candidates (4590 pairs representing
all versus all pairs within the 100 proteins) from proteins repre-
sented in the map and a shuffled set created by randomly pairing
all included proteins, which generated the same number of pairs
as in the map. These two tests reveal a false positive prediction
rate of 5.80% and 12.85%, respectively. The average false positive
prediction rate in our predictions, based on these three initial
tests was ~7%.

Data from three large-scale studies—whole genome micro-
array-based expression profiles as measured by Le Roch et al.
(2003) and two mass spectrometric measurements of the pro-
teome (Florens et al. 2002; Lasonder et al. 2002)—were parsed to
create sets of proteins that are present in one of three life-cycle
stages: sporozoite stage, gamete/gametocytic stage, or other
stages, which were collectively referred to as erythrocyte-
associated stages for convenience. Proteins that shared the same
or different life-cycle stages were paired to create positive and
negative reference sets, respectively.
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