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Belief Propagation Estimation of Protein and Domain
Interactions Using the Sum—Product Algorithm

Faruck Morcos, Member, IEEE, Marcin Sikora, Member, IEEE, Mark S. Alber, Dale Kaiser, and Jesds A. Izaguirre

Abstract—In this paper, a novel framework is presented to
estimate protein—protein interactions (PPIs) and domain—domain
interactions (DDIs) based on a belief propagation estimation
method that efficiently computes interaction probabilities. Experi-
mental interactions, domain architecture, and gene ontology (GO)
annotations are used to create a factor graph representation of
the joint probability distribution of pairwise protein and domain
interactions. Bound structures are used as a priori evidence of
domain interactions. These structures come from experiments
documented in iPfam. The probability distribution contained in
the factor graph is then efficiently marginalized with a message
passing algorithm called the sum-product algorithm (SPA).
This method is compared against two other approaches: max-
imum-likelihood estimation (MLE) and maximum specificity set
cover (MSSC). SPA performs better for simulated scenarios and
for inferring high-quality PPI data of Saccharomyces cerevisiae.
This framework can be used to predict potential protein and
domain interactions at a genome wide scale and for any organism
with identified protein—-domain architectures.

Index Terms—Belief propagation, Bayesian networks, do-
main—domain interactions (DDIs), protein networks, protein—pro-
tein interactions (PPIs), PPI inference, Saccharomyces cerevisiae,
sum-product algorithm (SPA).

I. INTRODUCTION

ROTEINS perform most of the vital functions in the living
P cell. The range of processes in which they are involved is
vast, including signal transduction, DNA replication, immune
system, cell development, and differentiation. During the past
century, an important research effort was devoted to elucidation
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of structure, function and characterization of individual genes
and their protein products. However, one way to understand the
complexity of the living cell and disease related pathways is
by studying the network of interactions of its basic components
[1]. Recent advances in experimental techniques and computa-
tional methods are helping to unravel as well as understand the
web of protein—protein interactions (PPIs) in living organisms.
Large quantities of data often coming from high throughput
experiments are being used to produce large networks of in-
teractions and study their structure [2]-[4]. This higher level
view of networks provides global properties of the biological
system and helps understand patterns of behavior that might be
used to predict gaps in the incomplete interaction map of an or-
ganism. Even though the advance of experimental techniques
has been remarkable, the complexity of experimentally identi-
fying all protein interactions for complete organisms remains
to be a challenge. Furthermore, high-throughput experimental
techniques are prone to errors that increase the difficulty of this
task. Hence, computational techniques to cope with such levels
of complexity and uncertainty are needed in the pursuit of com-
plete and correct maps of protein interactions in living organ-
isms. Techniques from information theory might be of impor-
tance when solving these types of problems found in molecular
biology.

In this work, we estimate the plausibility of PPI and do-
main—domain interactions (DDIs) through a framework that
combines protein interaction data (database of interacting
protein (DIP) [5]), structural information from the protein data
bank (PDB) [6] or iPfam [7], domain architecture of proteins
(Pfam [8]), and functional information about domains and pro-
teins (gene ontology (GO) [9]). Statistical estimation of protein
interactions based on the domain conformation of proteins
and interaction data has been shown to be promising. Recent
algorithms are based on the fact that proteins are composed by
independent folding polypeptides subunits called domains. Or-
ganisms, in general, have multiple-domain and single-domain
proteins in their proteomes. Eukaryotes tend to have a larger
proportion of multiple-domain proteins than prokaryotes [10].
Some of these independent units are found, with remarkable
aminoacid sequence similarity, within and across species.
Furthermore, these domain families have regions, where phys-
ical interactions take place, that tend to be more conserved
than protein sequences outside these domains [11]. Domain
interaction networks have a rich correlation between functional
similarity and network proximity. This means that domains that
are separated by fewer links or hops in a DDI network tend to
perform more similar functions in the cell [12], a useful fact
for estimating PPI. Physical protein interactions are mediated
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Fig. 1. Multiple-domain architecture of proteins. Using the multiple-domain
architecture of proteins and the knowledge of interacting domains, it is possible
to estimate a likelihood of physical PPIs.

by interactions between domains and protein motifs (short
aminoacid sequences that do not fold independently) [13]. In
this context, if two proteins interact, we assume there is an
interaction mode involving at least two domains. We do not
consider domain—motif interactions, which are also feasible
but are not considered in the scope of this investigation. Many
proteins share their conserved domain composition as well as
their domain physical interactions. This is depicted in Fig. 1.
As more experimental evidence is gathered indicating the inter-
action of certain domain pair in several protein pairs, the higher
the likelihood this domain pair interacts in a different protein
pair containing such domains. These observations led to the
development of statistical predictors using different methods,
such as maximum-likelihood estimation (MLE) using expec-
tation maximization (EM) [14], support vector machines [15],
and set cover approaches [16]. These algorithms learn from
interaction data, such as yeast two-hybrid (Y2H) assays, and
assign high scores to domain pairs that occur significantly in
experimentally observed interactions. Others treat this problem
using model learning by incorporating domain fusions, coex-
pression, and GO information [17]. More general genomic data
integration using Bayesian approaches has helped the discovery
of interaction networks. Myers et al. [18], [19] integrated Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathways, sets
of biological process GO terms and Munich Information Center
for Protein Sequences (MIPS) protein complexes to reconstruct
interaction networks in Saccharomyces cerevisiae.

We propose a new protein and domain interaction estimation
framework (see Fig. 2), which combines data from biological
databases including experimental PPI and DDI, domain archi-
tecture (i.e., which domains are contained in each protein), GO

terms, and structural domain information into a factor graph rep-
resentation of the joint probability distribution of pairwise pro-
tein and domain interactions. A marginalization of this graph
takes place to obtain estimates of protein and domain interac-
tions. The output set of this training stage, a collection of do-
main and protein pair estimates derived from the experimental
input set, is then used to infer the probabilities for new protein
pairs which have domains for which we computed an interac-
tion probability. Validation can be further performed with ex-
perimental techniques for physical protein interactions. This al-
gorithm is positioned in the class of estimation algorithms that
use domain families and experimental evidence of protein and
domain physical interactions. Examples of algorithms that aim
to solve the same estimation problem are MLE as in [14] and the
maximum specificity set cover (MSSC) described in [16]. An
important additional feature of our method is that it recomputes
PPI/DDI estimates of the input experimental data set simultane-
ously providing a method to correct errors introduced in the ex-
perimental assays. This error-correcting feature might have ap-
plications not only for PPI/DDI inference but also for denoising
experimental data. In contrast, algorithms like the one devel-
oped by Burger et al. [20], use aminoacid sequence information
in a Bayesian framework to estimate probabilities of interaction
without using any experimental information. Another class of
protein—protein docking algorithms deal with 3-D coordinates
of proteins and aim to find interaction hotspots or geometric
configurations that approximate in vivo interactions. Examples
of these type of algorithms are discussed in [21] and [22]. Our
framework belongs to an intermediate category that aims to op-
timize both specificity and sensitivity in PPI/DDI prediction.

Our approach to predict domain and protein interactions in
silico has several advantages. First, it allows us to do predic-
tions at a proteome scale, being able to consider all the proteins
available with domain annotations. This feature is shared with
other algorithms that use domain annotations of proteins like
those described in [14], [17], and [16]. Second, as part of a belief
propagation framework, evidence of experiment, domain, and
structural data as well as GO data of protein pairs can be com-
bined to increase the quality of our predictions. As databases
gather more information our algorithm performs better. Finally,
this inference framework estimates false positives and false neg-
atives in the experimentally measured PPI, and provides assess-
ment of the quality of the data.

II. SUM—PRODUCT ALGORITHM

For every protein—protein and domain—domain pair, an in-
teraction is regarded as a Boolean feature (present or absent).
We establish the likelihood of presence of such interactions by
Bayesian inference, i.e., by computing their probabilities con-
ditioned on the experimental data and the domain composition
of the proteins. These posterior probabilities are obtained from
the marginals of the joint probability distribution function of all
the PPI, DDI, and experiment outcomes derived from the under-
lying statistical model. We achieve this using the sum—product
algorithm (SPA) [23], an efficient technique for computing mar-
ginal values of multivariate functions that factor into products
of simpler functions in fewer variables. The SPA uses a graph
representation of this factorization, called the factor graph, and
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Fig. 2. Architecture of our protein—domain interaction estimation methodology. Information extracted from online databases and experimental data (step 1) is
represented by a factor graph (step 2) and processed by the SPA algorithm (step 3). Predicted PPI/DDI networks are further validated with experimental evidence

(step 4).

performs its computations by iteratively exchanging messages
along the edges of the graph. The SPA has been successfully
applied to estimation problems in communication systems and
signal processing [24]-[27], combining good accuracy and low
computational complexity.

A. General Form of the SPA

In its most general statement, the SPA solves the following
problem. Given a function g(z1,x2,...) = g(x) that factors

into
) = Hfj(xj)

where x; is a subset of variables in x, SPA finds the marginal
functions

gilz:) = Y 9(x)
~{xi}

where ~ {z;} denotes marginalization of the function over all
its arguments, except ;. The computations performed by SPA
involve calculation of messages along the edges of the factor
graph, in which a variable node x; is connected by an edge to a
function node f; if x; is an argument of f;. The messages, de-
noted as ji, ., (w;) and i, 5, (;), are real-valued functions
in the variable from or to which the message is passed. For the
variable node z;, the outgoing messages are computed as

=[] tpioe. (1) (1)
k#j

oz, —f; xz

and for the function node f; as

>

~{ai}

The products computed in (1) and (2) only include messages
arriving at this node from all remaining edges (except j and i,

fif; - (Ti) = Fi) ] panmss @) |- @

ki

respectively) and marginalization ~ {z;} in (2) only includes
variables adjacent to f; (except x;).

The messages are iteratively recomputed until convergence
(or until the number of iterations exceeds a preset number), at
which point the marginal functions are obtained as

wann 3)

gi(w;)

The entire procedure yields an exact answer if the factor graph
contains no loops, otherwise it is only an approximation.

B. Log-Ratio Form of the SPA

For marginalization problems involving probability func-
tions of binary variables, SPA can be usually simplified. When
all variables are binary, the messages (1) and (2) are pairs of
numbers, e.g., (tz,—f;(0), ttz;—s,(1)). Additionally, proba-
bility functions often need only be known up to a multiplicative
constant, in which case only a ratio fi,, . f,(0)/ftz, -, (1) suf-
fices to be passed. Finally, numerical stability of this iterative
algorithm can benefit from operating in logarithmic domain.

In the log-ratio formulation, variable node formula (1) is re-
placed by

.u'm1—>f_7 0

log ————=
fha,— g, (1)

(0
Zlog B (1§ 4
k;é] Mfk_)m7

For (2), a general form cannot be given and the specific prop-
erties of f;(x;) ultimately determine whether log-ratio version
can be obtained for a given problem. Finally, if g;(«;) is indeed
a probability distribution, then (3) can be written as

-1
f5—2:(0)

= 7, 0)

1+ exp Z log
J

)

leveraging the fact that g;(x; = 0)+ g;(z; = 1) = 1. In our PPI
and DDI inference problem, we adopt this latter formulation.
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Fig. 3. Bayesian network representing a factorization of the joint probability
distribution P(A, B, M, N), where A and B are the collection of hypotheses
that proteins and domains interact, respectively. Variables M and IN describe
collections of results of interaction measurements or experimental evidence per-
formed on protein pairs and domain pairs, respectively.

In the very first iteration, all messages log iz, (0)/
fa,— g, (1) are initialized to zero.

III. PPI AND DDI INFERENCE

A. Statistical Model

The statistical model adopted in this paper to describe the re-
lations between the PPI, the DDI, and the experiment outcomes
is a highly modular Bayesian network depicted in Fig. 3. We de-
note by A; ; = 1 a hypothesis that proteins 7 and j interact, by
B, = 1 a hypothesis that domains x and y interact, and use
M; ; and N, , to describe the results of interaction measure-
ments or experimental evidence performed on the protein pair
(4,7) and domain pair (z,y), respectively. The Bayesian net-
work implies the following factorization of the joint probability
function:

P(A,B,M,N) = [[ P(Nay|B:y)P(Bxy)
)

(z,y

x ] P(Mij1Ai ) P(Ai j|{Bay}wyes.,)  (6)
()]

where B; ; is the set of domain pairs, such that one domain is
present in protein ¢ and the other in j. The terms P(M; ;|A; ;)
and P(N, ,|B.,,) model the statistical properties of experi-
ments that produced measurements indicative of PPI and DDI,
and serve as the main information input points of the model. The
term P(B, ,) represents the a priori probability of a DDI and is
set for all z and y to an estimated probability that two randomly
selected domains would interact. The central part of our model
P(A; jIl{Bz.y}(2,y)eB, ;) is described through deterministic re-
lations of the form

Aij= \/ Buy
(z,y)EB
stating that a protein pair interacts if and only if at least one of
its domain pairs interacts.

(N

B. Inference Using SPA

The goal of PPI and DDI inference is the calculation of
P(A;; = 1]M,N) and P(B,, = 1|M,N), the posterior

P(N1,1|B1,1)P(B1,1)

PN, 1,2|B 1,2)P (B 1,2)

/A\ P(M;IALZ)
P(N, 4B, )P(B, 3) ( A
P(N, 3B, 3)P(B, 3) P(A,4|B, 5,8, 3B, 4B, 4)
P(M, 44, )
{(4,,) L
P(Ny 4B, )P(B, ) <&/

P(N, ,|B, )P(B; )

Fig. 4. Factor graph representation of the joint probability distribution
P(A,B, M, N). Circle nodes represent variables of unknown value, while
solid nodes represent factors of the joint probability function.

probabilities of interaction given the available measurements
and experimental evidence. Using the Bayes formula, these
probabilities can be obtained from marginal functions of the
joint probability distribution P(A, B, M, N)

[ P(A7B-/M7N)]
POA - — 1IM.N)— ~{A;,;,M,N} Ai =1
( SO | ’ )_ Z P(ABaM/N)
~{M,N}
(®)
l 5 P<A7B7M,N>]
o MON)— ~{Ba .y, M,N} Bey=1
(Bay=1|M,N) = >. P(A,B,M,N)
~{M,N}
9

We can now employ the SPA to calculate the necessary
marginals of P(A,B,M,N), based on the factorization (6).
The factor graph illustrating the complete factorization is
presented in Fig. 4. Note that M; ; and N , are not included in
the graph, since these variables have known, fixed values at the
time of the inference. The SPA iteratively recomputes messages
along each edge in the graph according to equations specific to
the type of the node from which the message originates.

There are three unique types of nodes in the factor graph of
our model, the variable nodes, the measurement function nodes,
and the constraint function nodes, all of which are shown in
Fig. 5. We denote o, and ;. to be the log-ratio messages, re-
spectively, entering and leaving node v along its nth edge. The
formulas for 3;, in terms of «"’s for each of the three node types
are given in Table I. The formula for variable nodes is identical
to (4). The formulas for the measurement function nodes, due
to the fact that they have only a single edge, is trivially derived
from (2). Only the expression for the constraint function nodes
requires more thorough derivation in the subsequent section.
Table I also contains the formulas for the a posteriori probabil-
ities of PPI P(A; ; = 1|M,N) and DDI P(B,. , = 1|M,N),
which are the final result of the Bayesian inference task, analo-
gous to (5).
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Fig. 5. Messages computed by the SPA at (a) the variable nodes, (b) constraint function nodes, and (c) measurement function nodes. Outgoing messages 3 are
computed from all incoming messages o, except the one coming from the same edge.

TABLE I
SPA MESSAGE EQUATIONS FOR THE PPI/DDI INFERENCE PROBLEM

[ Operation [ Formula

Variable node

Brn =2 izn @5

B4 = log P(M; ;[4i; =0)

Protein pair measurement node
P P(M; j|Aij =1)

P(Nz,y[Bz,y = 0)P(Bs,y =0)

Bay = 1o
“ 8 P(Noy|Bey = )P(Bay = 1)

Domain pair measurement node

Constraint node See (11) and (12).

—T

- KA4i oA
PPI probability P(Aij =1M,N) = (14+]]—, " e

T
DDI probability

£ Bg, -
P(Bgy =1|M,N) = (” TS e )

C. Constraint Function Nodes

The constraint function nodes, illustrated in Fig. 5(b), imple-
ment the logical disjunctions of the form vor = \/ v,. The
corresponding function to be inserted into the formula (2) is

0, otherwise. (10)

c 1, if = n
f (’UOR7U17~-~7'UKC):{  ifvor = Vo
Whenever the above function equals zero, it removes the corre-
sponding summands from (2). After some rearrangements, (2)
for the edges leading to v,, (i.e., all edges except the OR edge)
takes the form

e, (0) = tugg—e(1) T] (onec(0) + 10 —e(1))

+ (I'I”UOR_’C(O) - I'I”UOR_’C(]‘)) H va—w(o)
/1'04*1171<1) = /LUORHC<1) H (/LUA'HC(O) + kaac(l)) :
k#n

For the OR edges, the message equations take the form
NC—WOR(O) = H ,uwc—m(o)
k
Hc—mOR(l) = H (Hv;‘.—)c([]) + /L'Uk—w(l)) - H I’L"fl\-_’“(O)'
k

k

These equations can be further converted to the log-ratio nota-
tion

gz =log [ 1+ (o = 1) T (1+ e—ﬂi)fl

k#n

—log H (1 +6_”2) -1

k

Bor

The above formulas can be used directly, but the numerical sta-
bility will suffer from repeated exponentiations and logarithms.
This problem can be relieved by employing the well-behaved
max™ operation, defined for two arguments as

max*(a,b) = log (ea + eb)
max(a, b) + log (1 + e*la*bl)

and obtained by successive applications for multiple arguments.
Together with the substitution

1;[ (1 + e_o‘i) —-1= zk:(e_“i kl;[k (1 + e_“i’))

we can rewrite the message expressions as

. K°
K
A5 =max* Hlﬁ)i* —af + Z max* (0, —af.) | ,abr
k#n K =k+1
k'#£n
K°
+ Z max* (0, —aj,) (11)
k=1
k#n
e K°
%R:_%ﬁ* —af + Z max™(0,—aj,) | . (12)
- k'=k+1

D. Common Subexpression Elimination

The accuracy of SPA is influenced by the presence of cycles
in the factor graph. If there were no cycles at all, the algorithm
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Fig. 6. Factor graph of the joint distribution function after subexpression elim-
ination. At the cost of introducing an additional variable node and constraint
node, the length four cycle has been eliminated, improving SPA accuracy.

would solve the inference problem exactly. The more and the
shorter the cycles, the more the result of SPA deviates from the
true posterior probabilities. Particularly harmful are the cycles
of length four, found when two protein pairs share the same
two domain pairs. Fortunately, all such short cycles can be re-
moved by a subexpression elimination procedure, analogous to
that proposed in [28]. This procedure manipulates the set of (7),
replacing reoccurring subsets of variables by additional, miscel-
laneous terms. For example, the equations defining the graph of
Fig. 4

A12=DB11VB12V B3V B3
A13=DB14V By 4V B3V By3

can be rewritten as

A1 =DB11V B2V
A13=DB14V Byy vV
Ci=DB13V B3

yielding the cycle-free graph presented in Fig. 6. Despite having
additional variable and constraint nodes, such graphs can be pro-
cessed by the same equations from Table I as the original graph,
while improving accuracy of the inference.

We implemented this common subexpression elimination
procedure in all the graphs and inference tasks discussed in
this work. This produced improved performance in PPI/DDI
predictions at an expense of an initial elimination phase that
did not have any significant impact on the complexity of the
complete inference task.

IV. PARAMETERS AND DATA SETS FOR THE SPA

A. GO Distance

The GO project [9] is a standardization initiative to provide a
controlled and structured vocabulary to annotate gene products
and their functions. In general, a gene product can be mapped to
vocabulary terms associated with three broad categories: biolog-
ical processes, cellular components, and molecular functions.

These terms are shared across proteins and are also independent
from species. One of the metrics we use as an indirect measure
of the possibility of a protein interaction is called GO distance.
The GO distance evaluates how similar a given protein pair is in
terms of shared vocabulary elements found in the GO annota-
tion. This measure assigns a quantitative value to this similarity
and it is expressed as

|GO,1 U GOyp2| — |GO,1 N GOpo|

GOuint = .
47 1G0,1 UGO,3| + |GO,y N GO,y |

(13)

where GO,,; represents the set of GO vocabulary terms anno-
tated for proteins ¢+ = 1,2 and | - | represents the cardinality of
the union or intersection set. If two proteins with GO annotation
do not share any GO term then their distance is 1; on the other
hand, if a pair of proteins share many of their terms, then the dis-
tance become smaller indicating that the proteins are related in
at least one of the GO categories. SPA uses experimentally de-
termined positive interaction pairs to create a factor graph rep-
resentation of the relationship between protein pairs and their
domains, however, these positive interaction pairs only account
for a fraction of all the possible protein pair combinations. It is
also important to include in the factor graph such protein pairs
for which we know the interaction has low probability. Since
the set of known noninteracting protein pairs is scarce, we use
the GO distance metric as a guideline to select negative protein
pairs of interactions by picking those pairs for which the GO
distance is maximum. This provides the algorithm with a set of
potential low probability interactions used for interaction esti-
mation rather than just picking protein pairs at random.

B. Data Sets

Several data sources were used in this study to extract rele-
vant information for the PPI inference. Protein information was
obtained from Uniprot online database [29]. Domain composi-
tion of each protein was extracted from Pfam version 22 [§].
PPI data were obtained from two main sources: DIP [5], where
most of the interaction pairs were obtained using Y2H assays
and IntAct [30], which contains a higher number of interac-
tion pairs with different levels of reliability. We use a high-
quality binary data set of protein interactions in Saccharomyces
cerevisiae, compiled by Yu et al. [31] for performance eval-
uation and validation of our predictions. The algorithm also
uses domain interaction data as input. These data were retrieved
from the iPfam database [7]. In this database, each domain pair
has a 3-D structure in PDB format, assigned to it, providing
strong evidence of physical interaction. This study used 6081
DDIs from iPfam, having a tag to a PDB in which the do-
mains are found in complex. These domain pairs were assigned
a high a priori probability (P(NPfm = 1|B, , = 1) > 0.9)
since most of these structures come from crystallography exper-
iments, an indication of higher interaction confidence. A value
larger than 0.9 was chosen, however, it does not have any statis-
tical meaning other than an indication of a high score. Three-di-
mensional structures of domains were extracted from the protein
data bank [6]. The data sets used are summarized in Table II.
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TABLE II
DATA SETS USED BY OUR INFERENCE IN SILICO METHODOLOGY

TABLE III
SPA PARAMETERS USED WHEN COMPUTING PPI/DDI PROBABILITIES

Yeast Golden Set (Vidal) 2,581 protein interactions

Pfam version 22 Domain composition of proteins

iPfam 6,081 Domain-domain interactions with complex

PDB Protein and Domain three dimensional structure

C. Input Parameters

Table III summarizes the parameters required by the SPA. The
choice of parameters is based primarily on the criterion of per-
formance optimization. Therefore, values of false positive and
false negative rates, GO distance threshold, and initial probabil-
ities yielded an improvement in overall performance curves of
cross validation.

V. PERFORMANCE OF THE SPA

To assess the performance of this model for PPI and DDI in-
ference, we compare it against two other inference algorithms
which perform estimation using the same input data and are also
based on the idea of domain modularity. These algorithms are
MLE approach with EM for PPI/DDI estimation [14] and the
MSSC approach for PPI/DDI inference [16]. Performance eval-
uation is done at two levels. First, we use artificial interactions
generated using real proteins with known domain architectures,
and second, we infer protein pairs on a high-confidence set of
real protein interactions in Saccharomyces cerevisiae.

A. Performance on Artificial Data

Using artificial interaction data sets provides the advantage of
a controlled environment to verify the performance of our model
as well as other aspects that are harder to validate on real data
like error correction in experiments and prediction of domain in-
teractions. The basic setup for our simulated data sets involves
three parts. First, a set of real proteins is obtained from Uniprot
and their domain architecture is extracted using the Pfam data-
base. Let this protein set be called Pgj,. Once the set of all
domains Ds;,, is known, then a user-defined DDI probability
parameter is used to pick which domain pairs we designate as
interacting. These domain pairs will induce protein interactions
in the initial set of proteins. Hence, we know in advance which
proteins and domain interact. The second part is the simulation
of an experiment to test if a protein pair interacts. Wet lab ex-
periments to detect protein interaction pairs have inherent errors
expressed in terms of false positive ( f,) and false negative (f,,)
rates. We use these rates as parameters to add noise to our known
protein interactions to simulate the errors seen in the labora-
tory. Finally, we select a set of 981 protein pairs, derived from
the individual protein set Ps;y,, that are connected by their do-
main pairs as shown in Fig. 4. This network of protein pairs and

Data Source Description
Uniprot Protein general information and sequence | Parameters | Description
DIP Database and literature 33,234 protein interactions 1‘3;,:1‘1 — Initial log-likelihood
(May 2007) P(M;; = 1]Ai; =0)
IntAct 150,876 protein interactions log P(M,; =14, = 1) log(fp) —log(1 — fn)

LI —

Initial log-likelihood
log(1 — fp) — log(fn)
Uniform a priori probability
iPfam a priori probability
GO distance threshold Threshold to consider negative interaction
SPA iterations Message passing iterations
fo Prediction false positive rate
fn Prediction false negative rate

M=o =

P(M;,; =0]Ai,; =0)

P(M;; =0]A;i; =1)
P(Bzy =1)

P(N;f’{am =1|Bs,y =1)

log

domain pairs is processed by the SPA, MSSC, and MLE algo-
rithms and receiving operating characteristic (ROC) curves are
obtained to compare performance.

Fig. 7 shows the topology of this network and a closeup of a
region in this graph. Square nodes represent domain pairs and
diamond-shaped nodes are protein pairs.

1) Error Correction in Simulated Experiments: One addi-
tional feature of these methods for protein and domain pair in-
ference is the capacity of identifying errors in the experimental
interaction data they use for predictions. Instead of predicting
potential interactions on new pairs of proteins, we can assign
an interaction probability to protein pairs already known to in-
teract. Since there are inherent errors on experiments, our in-
ference framework can calculate probability estimates for the
input data and correct initial experimental estimates. The input
set for this prediction mode is the subset of protein pairs in Psjp,
that were designated as interacting by the simulated noisy ex-
periments. The factor graph representation of this set includes
both protein and domain pairs (see Fig. 7) and in the first run of
SPA, estimates for both DDI and the initial experimental PPI are
calculated. Hence, initial experimental protein pairs get a new
value for their interaction probability. This reassessment leads
to error correction in initial experimental outcomes for protein
pairs. We evaluated the performance of this feature using our ar-
tificial data set and the data of our noisy protein pair experiments
for different values of false positive ( f,) and false negative ( f,,)
rates. The ROC curves are shown in Fig. 8. These curves were
calculated by estimating PPI probabilities and then comparing
against the real prior interactions known before adding errors to
the graph. A DDI a priori probability of 0.05 was used; for this
case, there was no structural evidence for domains pairs, and
200 interactions were averaged to get these curves per estima-
tion algorithm.

The ROC curves in Fig. 8 show the effect of error rates on the
experimental data and how at relatively low values for f,, and
fn rates these algorithms can actually do a good job correcting
errors in the experiment. It can also be seen that high f, values
have a higher impact on error correction making it more difficult
to achieve. This is due to the fact that there is a higher number
of negative interactions and spotting false negatives is easier
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Fig. 7. Protein-pair—-domain-pair interaction graph with artificially generated interactions. Square nodes ([J) represent domain pairs and diamond-shaped ({))

nodes are instances of protein pairs.

than experimental false positives. Another important observa-
tion is that the SPA approach produces better error correction
capabilities than MSSC and MLE for all the cases. It is also ev-
ident that the performance gap, in favor of SPA, increases as the
error rates increase.

2) PPI and DDI Prediction in Simulated Experiments: As
discussed before, the knowledge of all parameters in a simulated
environment allows us to test the validity of our model and test
it under different conditions. To assess protein inference perfor-

mance, we used a cross-validation approach that takes 80% of
the noisy measurements of simulated experiments and uses it as
training set to estimate PPI in the remaining 20% of the set and
compares against the known interaction results. For the training
phase, we randomly selected protein pairs from the network in
Fig. 4 with a probability of 0.8. We run SPA in the factor graph
formed by these proteins in order to compute DDI probabilities
and new PPI scores for the input set. In the prediction phase,
interacting probabilities for the remaining 20% of the protein

Authorized licensed use limited to: UNIVERSITY NOTRE DAME. Downloaded on April 27,2010 at 15:41:37 UTC from IEEE Xplore. Restrictions apply.



750

IEEE TRANSACTIONS ON INFORMATION THEORY, VOL. 56, NO. 2, FEBRUARY 2010

0.9

o
o0

=
1]

o
=

0.54

Sensitivity

-~
£

e spa fp=0.1 fn=0.3

= missc fp=0.1 fn=0.3
mle fp=0.1 fn=0.3

= & = spafp=0.2 fn=0.65

= @ = mssc fp=0.2 fn=0.65+
mle fp=0.2 fn=0.65

s spa fp=0.6 fn=0.3
mle fp=0.6 fn=0.3

=@ mssc fp=0.6 fn=0.3

T T

1 L 1

03 04

05 0.6 0.7 0.8 09 1

1 - Specificity

Fig. 8. Error correction in PPI experiments. PPI/DDI inference algorithms can be used to identify errors on noisy experimental data. Error-correction capabilities

of SPA, MSSC, and MLE are contrasted in terms of ROC curve.
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Fig. 9. Simulated PPI prediction. ROC performance of SPA, MSSC, and MLE for PPI inference task. Performance is shown for different reliabilities of noisy

experimental data.

pairs are calculated using the DDI and PPI estimates from the
training mode. Again 200 iterations are averaged to obtain the
curves shown in Fig. 9. Three increasing error rate scenarios are
studied for the SPA, MSSC, and MLE algorithms.

As depicted in Fig. 9, it can be seen that for low values of
error rates, the performance of the algorithm is very good. Also,
for low error rates, the performance of the three algorithms in
comparable. However, as the error rates increase, a very clear
performance gap is shown in favor of SPA specially when high
error rates (f, = 0.6 and f,, = 0.3) are applied to the simulated
experiments. Although these values seem high, they are actually
close to observed error rates in PPI experiments [31]-[33]. A
similar, yet less pronounced, trend can be observed when we do
predictions on domain interactions, where we follow the same
cross-validation parameters and error rates as with PPI predic-
tion. The results are depicted in Fig. 10.

B. Estimation in Experimental Data Sets: Yeast Golden Set

Experiments with artificial data helped us test the perfor-
mance of SPA under known conditions and model assumptions.
However, in order to validate the predictions made by our
approach, real interaction data must be used and predicted.
Furthermore, real PPI data itself are not enough; given the wide
variety of experiments and conditions, it is hard to evaluate
the quality of most experimental data sets. To avoid potential
biases, we use a recently compiled set of protein interactions
in yeast (Saccharomyces cerevisiae). This set of high-quality
binary interaction was obtained by Yu et al. [31] and uses
the Y2H technique to obtain pairwise interactions. Although
high-throughput techniques like Y2H are known to contain
high rates of false positives and negatives, this study focused
on creating a golden set of PPI that were confirmed by several
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Fig. 10. Simulated DDI prediction. DDI prediction performance for SPA, MSSC, and MLE approaches using the receiver operating curve metric. Different reli-

abilities of experimental PPI data are used as input.
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Fig. 11. Performance assessment of SPA in YGS data set. This curve was obtained using a training set of 283 (80%) protein pairs with a testing set of 70 protein
pairs. There were 159 domain pairs and a GO threshold of 0.9 was used to select negative interaction pairs. A total of 1000 iterations were done to accumulate

statistics.

experimental and statistical measures as well as by other exper-
imental results [2], [34]. We use this high-confidence set with
1799 proteins and 2581 protein interactions that we were able
to map to Uniprot accession numbers.

We do predictions on this set in two different ways. For the
first case, we use the yeast golden set (YGS) as both training
and testing sets. Approaches based on the domain model need
domain information about the protein pairs for which we do
inference. This is because only through shared domains mes-
sages from measurements can propagate in the factor graph.
In other words, we aim to predict interactions only in factor
graphs (see Fig. 4) with more than one protein pair connected
via their domain architecture. Given the nature of the YGS, the

factor graphs that are formed consist of many isolated small
factor graphs. To compare the performance of our algorithm,
we picked the largest of those factor graphs containing 353 pro-
tein pairs, 159 connected domain pairs, and 565 edges. Positive
interactions are extracted from the experiments and negative in-
teractions are selected from the remaining pairings that have a
GO distance of at least 0.9 (see Section IV-A).

Fig. 11 shows the performance of SPA compared to MSSC
and MLE when doing predictions on this set. Cross validation
was performed using 80% of the protein pairs as training set
and the remaining 20% as testing set. To get statistical consis-
tency, 1000 iterations of these predictions were averaged to get
these curves. Fig. 11 shows that SPA performs better than MLE
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Fig. 12. Coverage. ROC curves of PPI predictions in the YGS of Yu et al. [31] using different input data from DIP (only yeast proteins), DIP (all species), and

IntAct (all species).

and MSSC. We also analyzed the effect of using iPfam data as
input data in our algorithm. Our iPfam data set consists of 6081
known domain interaction data with known 3-D structures. The
inclusion of this data set as a priori DDI data has a positive im-
pact on the predictive behavior (see Fig. 11) of our proposed
methodology.

The second approach to assess estimation of PPI on the YGS
is to use other sources of PPI data (low and high quality) to pre-
dict all the interactions in the golden set. Here, we do not con-
sider connectedness of the factor graphs, but rather test how pre-
dictive is the use of external data sets to infer protein pairs in the
golden set. We are investigating the coverage of different data
sources in our testing set. We use three types of training data
sets, excluding the YGS in all of them: 1) DIP yeast data set
(DipY) which contains 12 670 PPI known for yeast in the DIP
database; 2) DIP all species which has 33 234 known PPI for
many organisms in the DIP database; and 3) IntAct all species
with 150 876 known PPI for different species and coming from
different experiments. To deal with the issue of protein pair
specificity, i.e., proteins pairs with known pairs of interacting
domains that do not interact in vivo, we use protein localization
information from the GO database. We restrict our predictions
to only those pairs that are known to be colocalized in the cell.
Fig. 12 shows the ROC curves (in logarithmic scale) when trying
to predict all protein pairs in YGS.

This plot shows very high values of specificity for all predic-
tion algorithms, SPA being the one that performs better; how-
ever, the value of sensitivity is very small. This coverage is ex-
plained by the fact that the input data sets used do not have
enough shared domains with protein pairs in the YGS to take
advantage of the belief propagation of protein and domain inter-
action information. We analyzed the factor graphs that emerge
from the input data and the YGS, and identified 1295 factor
graphs containing only YGS pairs. This means that 1295 pro-
tein pairs in the golden set did not share any domain information

with other proteins in the training set that could enable them to
do predictions. This lack of connectivity explains the sensitivity
values observed in Fig. 12. For the particular case of the YGS,
the domain pair connectivity was not enough to allow a higher
coverage of their protein interactions. However, this is not the
case for many other unexplored data sets for which more con-
nectivity allows better coverage. Fig. 12 also shows the effect
on coverage and specificity using different types of data sets.
As expected, the predictions using the largest data set (IntAct)
have a better coverage with a tradeoff of specificity. For the case
of the smallest data set using only yeast interactions (DipY), we
obtained higher values of specificity and sensitivity compared to
using the complete DIP dataset. From the predictions obtained
using only yeast proteins in DIP, which had the highest value
of specificity, we were able to compile a high score set of 85
protein pairs (see the Appendix) that are not found in the YGS.
We hypothesize that these might be potential novel interactions
that were not identified by experimental methods but still have
high probability values and are colocalized in the cell. Further,
low-throughput experiments could help us prove if these inter-
actions are indeed novel interactions.

VI. CYTOPROPHET

We developed a Cytoscape [35] plug-in for PPI and DDI in-
ference. It contains an implementation of the SPA algorithm as
described in this work. This software tool called Cytoprophet
[36] is accessible via the Cytoscape website (wWww.cytoscape.
org) or in the Cytoprophet project website (cytoprophet.cse.nd.
edu). This site contains instructions for installation, use, and
sample sessions.

VII. DISCUSSION

We present a new framework to perform PPI and DDI infer-
ence based on the efficient marginalization of the protein pair
and domain pair joint probability distribution using the SPA.
We show that the use of SPA for PPI and DDI estimation has
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TABLE IV
PREDICTED YEAST PROTEIN PAIRS NOT FOUND IN THE YGS. PROTEIN NAMES LISTED WITH ITS UNIPROT ACCESSION ID
Protein 1 Protein 2 | Protein 1 Protein 2 | Protein 1  Protein 2 | Protein 1  Protein 2 | Protein 1  Protein 2
P39533 P39533 P33309 P33309 P07991 P32835 P39954 P39954 P53378 P53378
P39714 P39945 P13382 P13382 P05150 P05150 P24280 P24280 P27796 P27796
P39714 P39714 Q04409 Q04409 P15873 P15873 P15303 P20606 P04786 P04786
P32451 P32451 P32771 P32771 P04046 P36973 P15303 P15303 Q08919 Q08919
P07258 P07258 P39676 P39676 P04046 P32895 P40482 P20606 P29509 P29509
P33322 P33322 P00359 P00359 P04046 P38620 P40482 P40482 P38816 P25372
P24868 P24868 Q00055 Q00055 P04046 P38689 P53953 P20606 P38816 P38816
P24869 P24869 P41911 P41911 P04046 P38063 P53953 P40482 P28274 P28274
P24870 P24868 P41921 P41921 P04046 Q12265 P53953 P53953 P40343 P40343
P24870 P24870 P32769 P32769 P38972 P38972 P38810 P20606 P53039 P53039
Q06440 Q06440 Q02821 Q02821 P26793 P32836 P38810 P40482 P53093 P53093
P33307 P33307 P11986 P11986 P26793 P26793 P38810 P53953 P53108 P53108
P53550 P53550 P52489 P52489 P40348 P40348 P38810 P38810 P47008 P47008
P07262 P07262 Q12446 Q12446 P38629 P38629 P52286 P52286 Q04869 P04387
P39708 P39708 P38998 P38998 P40339 P40348 P37297 P37297 Q04869 Q04869
P09624 P09624 P22855 P22855 P40339 P40339 P38714 P38714 Q12746 Q12746
P04819 P04819 P22133 P22133 Q02555 Q02555 P02557 P02557 P53729 P53729

predictive performance advantages over other algorithms that
estimate protein interactions based on domain composition of
proteins. In theory, MLE and maximum a posteriori (MAP) al-
gorithms have comparable performance, however, since SPA is
an approximate solution to the MAP problem and EM approx-
imates the MLE problem, the relation between the exact solu-
tions need not necessarily translate to the relation between the
approximations. SPA has two additional advantages over EM
solutions: it could benefit from the subexpression elimination
(which was incompatible with the EM formulation in [14]), and
it could generate more informative posterior probabilities for in-
dividual calls (advantageous in terms of ROC).

These advantages become more evident when the quality of
experimental input data is exposed to a higher rate of errors. This
is an important feature specially in real case scenarios where
experiments are prone to high false positive and false negative
rates. We use real proteins and their domain architecture to con-
struct a network of related protein interactions. The performance
of SPA was tested with artificially generated DDI and simulated
PPI experiments under controlled parameters. We show that the
use of SPA outperforms MLE and MSSC not only for interaction
inference but for error correction of experimentally obtained in-
teractions as well. Thus, SPA for PPI/DDI inference can also be
used by experimentalists to “clean” interaction data.

For the case of real protein interaction data, we estimate PPI
on a high-quality set of binary interactions in yeast, which al-
lows us to confirm the predictive performance advantages of
SPA over MLE and MSSC on real data. The use of structural
domain interaction data from iPfam as a priori information has
a positive effect on estimation accuracy. In addition, we identify
that the use of a more extensive interaction data set, like IntAct,
helps to increase coverage with still a high level of specificity.
On the other hand, our results show that indiscriminate use of in-
teraction data from all organisms has detrimental effect on per-
formance. This is illustrated by the better results when using
only interactions from yeast to predict on the golden set from
the same organism, compared to using interactions from all or-
ganisms in DIP.

The coverage of algorithms based on domain architecture
is relatively low in our experiments. Domain architecture of

proteins is relatively sparse; however, as more domains and
their interactions are identified, this coverage should improve.
Nonetheless, these algorithms predict highly accurate interac-
tions, which are useful to experimental efforts to unravel the
interaction maps of organisms. This methodology is general
and can be applied to any organism where annotation of their
protein and domains exists and can also take advantage of
crystal structures of complete domains and proteins when
available. Fortunately, the present increase in availability of
these data would allow us to do these types of studies for many
organisms and systems.

VIII. FUTURE WORK

A model where domain interactions lead to protein inter-
actions in combination with a powerful estimation algorithm
yields good accuracy in molecular interaction inference. Con-
served domains vary their specificity across different protein
families, for instance, in the case of kinases [37]. Protein
regions without an identified conserved domain might have an
important role in PPI. The model presented here could be ex-
tended and upgraded to include such biological insights about
domain differences across proteins as well as nonconserved re-
gions. For example, disordered regions are particularly involved
in transient interactions, such as those in signaling networks
[38]. Identifying these regions in addition to the knowledge of
conserved domains could help improve this framework by ex-
ploiting the information about transient interactions that these
disordered regions could provide. As part of our future work,
we will use this methodology to study organisms and systems
where the knowledge of PPI is limited. One concrete example
is a pathway of motility reversals that allow the gram-negative
bacterium Myxococcus xanthus to swarm [39]. PPI estimation
could provide evidence of the role that motility proteins play
in M. xanthus reversals. This could help develop testable bi-
ological hypotheses that would increase our understanding of
bacterial motility.

APPENDIX
PREDICTED INTERACTIONS NOT FOUND IN YGS

See Table IV.
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