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Abstract
The goal of contemporary proteome research is the elucidation of protein interactions in the cell. Based on currently available protein-protein interaction and domain data of S. cerevisiae, we introduce a novel method, Maximum
Specificity Set Cover (MSSC), to predict protein-protein interactions. Our approach features two stages: First, we select
high quality protein interactions based on a clustering measure. Second, we use MSSC to assign probabilities to domain
pairs. This approach allows us to predict previously unknown protein-protein interactions with a degree of sensitivity and
specificity that clearly outscores other approaches. We achieve 86% sensitivity and 62% specificity using 80% of the high
quality interactions in the DIP database. We find that the predicted interaction network preserves the characteristics of
the initial web of known protein interactions. We also observe high levels of co-expression among putative interactions.
Index Terms
F.2.2.b Computations on discrete structures, G.2.2.a Graph algorithms, H.2.8.a Bioinformatics (genome or protein)
databases, J.3.a Biology and genetics

I. I NTRODUCTION
A goal of contemporary proteome research is the elucidation of the structure, interactions and functions of the
proteins that constitute cells and organisms. Genomics has already produced an incredible quantity of molecular
interaction data, contributing to maps of specific cellular networks. Indeed, large-scale attempts have unraveled the
complex web of protein interactions in organisms as diverse as H. pylori [42] and S. cerevisiae [14], [23], [26]–[28],
[45], [50]. Most recently, attention focused on the first protein interaction maps of complex multicellular organisms
such as C. elegans [52] and D. melanogaster [15].
Although large-scale experimental attempts to uncover the complex webs of protein interaction in various organisms
are still in progress, theoretical considerations focus on the prediction of potential protein interactions. Pioneering
∗
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methods drew on the observation that interacting protein domains tend to combine into a fusion protein [12], [34].
Another approach focused on the observation that functionally linked proteins tend to be either preserved or eliminated
in evolution. Proteins having matching phylogenetic profiles strongly tend to be functionally linked [33], [41]. The
domain architectures of the interacting proteins account for the basic structure of a protein and offer a framework
for prediction models. Interaction domain pair profiles [54] assess the potential presence of a particular interaction
by clustering protein domains, depending on sequence and connectivity similarities. Another approach estimates the
maximum likelihood that domains interact [9], [25]. Further ideas include overrepresented domain signatures [48],
domain combination [21], graph-theoretical methods [17] and other probabilistic approaches [18], [49].
Assuming that protein domains facilitate the interactions among proteins, we introduce a novel method for the
inference of protein interactions, which we test in S. cerevisiae. Utilizing a maximum-specificity set cover procedure
(MSSC), we calculate the probabilities of putative protein interactions on an interaction network of yeast proteins.
Our algorithm clearly outscores previous methods in terms of sensitivity and specificity. The predicted web of protein
interactions that keeps the modular scale-free topology of the initial network. Our predictions correlate significantly
with elevated levels of co-expression of micro-array data. We refine our predictions by utilizing a set of highly clustered
interactions for our analysis. We observe that the proteins which constitute the predicted interactions are strongly coexpressed. Since interactions which are embedded in a highly clustered neighborhood tend to have an elevated degree
of quality we conclude that this clustering preprocessing is a crucial step to significantly enhance the specificity of
our predictions. Furthermore, we observe that such a set of preprocessed interactions improves MSSC’s ability to deal
with significantly flawed data. Thus, we conclude that the combination of our algorithm with clustered interaction data
helps to eliminate false positive and negative interaction signals, allowing for high quality predictions.
II. M ATERIALS AND M ETHODS
Investigations of the spatial protein structure suggest that the fundamental unit of protein structure is a domain.
Independent of neighboring sequences, this region of a polypeptide chain folds into a distinct structure and mediates
the proteins biological functionality. The majority of proteins contains only one domain [10] while sequences of
multicellular eukaryotes appear as multi-domain proteins of up to 130 domains [32].
Figure 1 illustrates these assumptions. Our objective is to select domain pairs (pairs of geometrical shapes in the
figure) that explain the known protein interaction network. This network is the training set of the algorithm. Using
the selected domain-pairs, we predict protein-protein interactions in a testing set of proteins. In order to assess the
quality of our predicted interactome, typically the interactions among the proteins in the testing set are known. Thus,
we can count how many real interactions we predict, and how many false positives. For these assumptions to hold, it
is important to start with a curated network where the false positives have been reduced.
A. Protein Interactions
The first comprehensive, albeit weakly overlapping protein interaction maps of S. cerevisiae have been provided with
the yeast-two-hybrid method [27], [45]. Currently, there exists a variety of yeast specific protein interaction databases.
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The fundamental units of proteins (shaded areas) are the domains (geometrical figures), mediating a distinct structure and biological

functionality. We assume that the underlying protein domain architectures facilitate the interactions among proteins, allowing us to design a novel
method for the inference of protein interactions in S. cerevisiae.

Most of them, such as MINT [59], MIPS [39] and BIND [2], collect experimentally determined protein interactions.
PREDICTOME [36] and STRING [37] collect functional links between proteins, derived from genome scale two
hybrid sets, domain fusion events, phylogenetic history and gene proximity. These databases lack an assessment of the
data’s quality. In contrast, the GRID database, a compilation of BIND, MIPS and other datasets, as well as the DIP
database [58] provide sets of manually curated protein-protein interactions in S. cerevisiae. The majority of DIP entries
is obtained from combined, non-overlapping data mostly obtained by systematic two-hybrid analyses. Here, we use the
DIP database (http://dip.doe-mbi.ucla.edu) which is the qualitatively best compilation of yeast protein interaction data.
The current version contains 3, 677 proteins involved in 11, 249 interactions for which there is domain information.
DIP also provides a high quality core set of 2, 609 yeast proteins that are involved in 6, 355 interactions which have
been found with more than one different experimental method.
B. Protein Domains
For our analysis, we focused on domain data retrieved from the PFAM database, a reliable collection of multiple
sequence alignments of protein families and profile hidden Markov models [5] (http://pfam.wustl.edu). The current
version 10.0 contains 6, 190 fully annotated PFAM-A families. PFAM-B provides additional PRODOM-generated [8]
alignments of sequence clusters in SWISSPROT and TrEMBL [6] that are not modeled in PFAM-A. In order to elucidate the PFAM domain architecture, we browsed swisspfam, a compilation of the domain structure of SWISSPROT
and TrEMBL proteins according to PFAM.
C. Microarray Data
Genes with similar expression profiles are likely to encode interacting proteins [20]. We assess MSSC’s ability to
predict pairs of potentially interacting yeast proteins, by utilizing gene expression data of Eisen et al. [11]. This comAugust 20, 2004
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pilation of co-expression patterns consists of 2, 467 yeast genes whose co-expression patterns have been investigated
for 79 data points. Considering the strength of our predictions, we expect that potentially interacting proteins show an
elevated degree of coexpression.
D. Conserved Network Features
Almost all biological networks are characterized by a series of organizing principles [3]. The most dramatic is their
scale-free nature, indicating that the probability that a node has degree k follows a power law, P (k) ∼ k −γ [1], [4].
Indeed, we find this inhomogeneity in protein-protein interaction networks of numerous organisms [15], [28], [51]:
While most nodes have a small degree, a few highly connected hubs hold the network together [4]. The hubs’ crucial
role for the protein network’s integrity is further indicated by the observation that highly interacting proteins exhibit a
significantly elevated propensity to be simultaneously lethal and conserved in evolution [28], [55], [56].
Another important feature of complex networks is their tendency to cluster. The clustering coefficient [53] of a node
i is defined as
Ci =

2ni
,
ki (ki − 1)

(1)

where ni denotes the number of links connecting the ki neighbors of node i to each other. The network’s inherent
modularity is reflected by the distribution of C as a function of the nodes’ degree k. If C(k) follows C(k) ∼ k −1 , the
network has a hierarchical architecture, indicating that sparsely connected nodes are part of highly clustered areas [43].
This topology allows communities and the scale-free topology to seamlessly coexist [43], suggesting that complex
networks are best described as the accumulation of discernible, yet topologically overlapping, functional modules.
Apparently, networks featuring such functional modules are observed in almost all types of biological systems [24],
[43], [44], [47] where a small subset of hubs play the important role of linking the networks modules [16], [22], [31],
[43], [46]. Utilizing available yeast protein interactions as a training set of the MSSC, we expect that the web emerging
from the predicted interactions will preserve these network characteristics.
E. Assessment of Protein Interactions
Although the current results concerning the structure of protein interaction networks are impressive, the errorproneness of experimental methods for the determination of protein interactions jeopardizes the strength of the obtained results. A recent estimation of the rate of inaccurately determined yeast protein interaction data uncovered a
startling false negative rate of 90 % while false positives show a 50 % error rate [38]. Despite these data inconsistencies,
a network topology based approach [17] uncovered a remarkable correlation between enhanced quality and network
clustering around a certain protein interaction. Considering an interaction network of N nodes, the hypergeometric
clustering coefficient, defined as
min(|N (v)|,|N (w)|)

Cvw = − log

X

i=|N (v)∩N (w)|

N −|N (v)|
|N (w)|−i

,
N
|N (w)|

|N (v)|
i



(2)

where N (x) represents the neighborhood of a vertex x, reflects the probability that an interaction between proteins v
and w indeed exists. Given the number of immediate neighbors around the considered proteins, N (v) and N (w), the
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hypergeometric clustering coefficient increases with elevated overlap between the protein’s neighborhoods. Provided
that the neighborhoods are independent, the summation can be interpreted as a p value reflecting the probability of
obtaining a number of mutual neighbors between proteins v and w at or above the observed number by chance [17]. We
excluded the interaction between v and w from the calculation, rendering C vw independent from direct experimental
evidence of the considered edge.
In our study, we calculated the link specific clustering coefficients C vw for each pair of nodes. By applying different
cut-off values, we elucidated the corresponding interaction network, serving as the basis for further protein interaction
predictions. We expect that the interaction webs that exhibit an elevated degree of clustering raise the quality of our
predictions.
F. Quality Measures
The accuracies of the our predictions are measured by specificity and sensitivity. The specificity is defined as the
ratio of the number of matched interactions between the predicted set, P , and the observed testing set, T , over the
total number of predicted interactions, Sp =

|P ∩T |
|P | .

The sensitivity is defined as the ratio of the number of matched

interactions, P , over the total number of observed interactions, T , in the testing set, Sn =

|P ∩T |
|T | .

Thus, it is obvious

these metrics are testing set dependent.
III. P REVIOUS P REDICTION M ETHODS
In order to have an estimate of the quality of our predictions, we compare the performance to previous methods. In
the following, we will give a brief description of the most relevant algorithms that utilize protein interactions and their
corresponding domain profiles to predict otherwise unknown protein interactions in S. cerevisiae.
A. Association Method (AM)
The association method [48] assigns an interaction probability
P (dm , dn ) =

Imn
Nmn

(3)

to each domain pair (dm , dn ). Imn is the number of interacting protein pairs that contain (dm , dn ), and Nmn is the
total number of protein pairs that contain (dm , dn ).
B. Maximum Likelihood Estimation (MLE)
The maximum likelihood estimation method [9] assumes that two proteins interact if at least one pair of domains of
the two proteins interacts.
Under the above assumption, for any protein pair (Pi , Pj ), the probability of a potential interaction is
E(Pi , Pj ) = 1 −

Y

(1 − P (dm , dn )).

(4)

(dm ,dn )∈(Pi ,Pj )
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where P (dm , dm ) denotes the probability that domain dm interacts with domain dn . So, the maximum likelihood is
Y
L=
(E(Oij = 1)Oij (1 − E(Oij = 1))1−Oij ,
(5)
where
Oij = {

1 if interaction between proteins Pi and Pj exists,

(6)

0 otherwise.

The likelihood L is a function of θ(E(di , dj ), fp , fn ), where E(di , dj ) represents the probability that domains di and
dj interact while fp and fn indicate fixed rates of false positive and negative interactions in the underlying network.
The maximization of L by an expectation maximization algorithm [9] achieved 42.5% specificity and 77.6% sensitivity
on a combined yeast protein interaction set compiled from [27], [45].
IV. M AXIMUM S PECIFICITY S ET C OVER (MSSC)
We present a novel method to predict protein-protein interactions. Our method uses a set-cover approach by choosing
some domain pairs to “cover” the given protein-protein interactions. We say that a domain pair covers a protein-protein
interaction if the two interacting proteins contain the two domains respectively.
We define the protein interaction problem as the problem of finding a set of domain pairs to represent the given
protein-protein interactions. Ideally, the set of domain pairs should give as few false positives as possible. False
positives are the predicted protein-protein interactions not included in the input interaction network.
A. Transformation of Protein Network to Set Cover Problem
Suppose X is a finite set and F is a family of subsets of X that can cover X, i.e., X =
problem is to find a subset C of F to cover X,
X=

[

S

S∈F

S,

S. The set-cover
(7)

S∈C

and C is also required to satisfy certain conditions according to different specific problems. For example, the minimum
P
exact set-cover (MESC) problem requires that S∈C |S| is minimized, and the minimum set-cover (MSC) problem is
to find a C with the minimum cardinality |C| [7], [29].

We generalize the set-cover problem by enclosing X into a bigger set Y (Figure 2). Suppose Y is a finite set, X ⊆ Y
S
and F is a family of subsets of Y that can cover X, i.e., X ⊆ S∈F S. The generalized set-cover problem is to find a

subset C of F to cover X,

X⊆

[

S

(8)

S∈C

and C is also required to satisfy certain conditions according to different specific problems, as before.
P
With respect to the generalized set-cover setting, the MESC problem requires that S∈C |S| be minimized. This

criterion implies that both the overlap of C with X and the overlap of C with Y − X are minimized.

We believe that the protein-protein interaction problem is N P -hard, although we have not proved it yet. We solve
the protein-protein interaction problem by transforming it into a set-cover problem. The experimentally known proteinprotein interaction network can be modeled by a graph G = (P, E), where P is the set of proteins and E is the set of
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Fig. 2. The generalized set cover problem: X is a subset of Y , and F = {S i , 1 ≤ i ≤ t} is a family of subsets of Y .

edges. The proteins are the vertices of G. There is an edge between two proteins if and only if they interact with each
other. A set-cover problem is constructed from the protein interaction network G by taking
Y = {all protein pairs (Pi , Pj )|Pi , Pj ∈ P },
X = {protein pairs (Pi , Pj )| Pi interacts with Pj in G},
and F to be the set of all domain pairs (dm , dn ), where (dm , dn ) is contained by at least one element of X.
A domain pair (dm , dn ) is viewed as a subset of Y . Specifically, if a protein pair (Pi , Pj ) (an element in X) contains
(dm , dn ), then (Pi , Pj ) belongs to the subset (dm , dn ).
Suppose we find a subset C of F to cover every element (Pi , Pj ) in X. An element in C corresponds to a domain pair
(dm , dn ). If (dm , dn ) covers (Pi , Pj ), then the two proteins Pi and Pj contain dm and dn respectively; so (dm , dn )
can be used to represent the interaction between Pi and Pj . Therefore, we also have a set of domain pairs to represent
the protein network G.
Suppose there is a set D of domain pairs to represent the network G. For every element (P i , Pj ) in X, there is a
domain pair (dm , dn ) from D to represent the interaction between Pi and Pj . Since (dm , dn ) can be viewed as an
element in F, the collection C of all the domain pairs from D is a subset of F, and C covers X.
In this transformation, the set of protein-protein interactions G corresponds to the set X that needs to be covered,
and a domain pair corresponds to an element in F (a subset of Y ).
B. MSSC Approach
There are many ways to choose domain pairs to represent the protein interaction network. AM simply uses all the
possible domain pairs to explain the protein-protein interactions, i.e., it uses F to cover X, so the resulting specificity is
very low [9]. We are interested in using a subset of domain pairs to represent the protein-protein interaction network,
and we choose the subset so that both the specificity and sensitivity are maximized, assuming that the training and
testing set are the same. This is a reasonable assumption whenever the training set is sufficiently representative of the
real testing sets, as is confirmed in our simulations.
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The maximum specificity set cover (MSSC) problem is to find a subset C of F to cover X such that
m(C) :=

X

(9)

|S − X|

S∈C

is minimized.
Comparing MSSC with MESC, we can see that MSSC allows the subcover C to cover the overlap with X, but the
overlap with Y − X (outside X) is minimized. MSSC chooses a cover in this way to maximize the specificity because
the false positives appear only in Y − X.
Algorithm 1 is our greedy algorithm for MSSC. U represents the uncovered part of X. E is the subset of F that has
not been chosen by the algorithm.
Algorithm 1 Greedy algorithm for MSSC.
GREEDY MSSC(Y, X, F)
U ←X
E ←F
C←∅
while U 6= ∅
do select an S ∈ E with the minimum

|S−X|
|S∩U |

(a tie is broken by |S ∩ U |)
U ←U −S
E ← E − {S}
C ← C ∪ {S}
return C

In this algorithm, at each step when a subset needs to be chosen, we choose the one whose ratio between the part
outside X and the part inside U is minimized. Note that the difference between MSSC and MESC is that MESC
chooses the subset minimizing

|S−U |
|S∩U | ,

instead of

|S−X|
|S∩U | ;

MSSC allows the overlapping with X (Figure 3).

The number of iterations of the while loop is bounded by min(|X|, |F|), and each single iteration takes |X||F|
time; so the time complexity of this greedy algorithm is O(|X||F|min(|X|, |F|)). If we apply proper data structures,
P
it can be realized in O(log |F| S∈F |S|) time. Specifically, first, maintain a bipartite graph between elements in Y
P
and elements in F. If the former is contained by the latter, we add an edge between them, so there are S∈F |S|

edges. Second, store all elements in F into a heap ordered by

|S−X|
|S∩U | .

When a subset S is selected, it is excluded

from our problem. We update the bipartite graph and the heap accordingly. The bipartite graph will not be updated
P
more than S∈F |S| total. For a single S, the updating of the heap takes |S| log |F|. Therefore, the total time is
P
P
P
O( S∈F |S| + S∈F |S| log |F|), which is O(log |F| S∈F |S|). If |F| is very big, we use an array of |X|2 instead
P
of a heap to store F, and the resulting time will be O(|X|2 + S∈F |S|).
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Y−X

a

X

U
Fig. 3. The shaded area is already covered by C. U is the unshaded area in X. The candidate set S is divided into 4 parts a, b, c and d. MSSC
chooses a set S with the minimum

b+c
a

while MESC chooses one with the minimum

b+c+d
.
a

The greedy algorithm for MSSC allows overlapping

of subcover inside X. The overlap actually increases the interaction probability for a protein pair.

The above greedy algorithm is just an approximation, and the solution found by it has the following relationship
with the optimal solution of MSSC.
Theorem 4.1: Suppose Ca is the approximation of MSSC found by the above greedy algorithm, and C o is an optimal
subcover for MSSC. Let k = maxS∈F |S|. If m(Co ) = 0, then m(Ca ) = 0; otherwise, we have
m(Ca )
≤ [ln(k − 1) + 1].
(10)
m(Co )
Proof: If m(Co ) = 0, it means that all elements in Co are subsets of X. GREEDY MSSC cannot choose a set that
is not completely in X, because at any given time when U 6= ∅ there exists a set S ∈ C o ∩ E such that

|S−X|
|S∩U |

= 0, i.e.,

S ⊆ X. Hence m(Ca ) = 0. We assume m(Co ) 6= 0 from this point. Without loss of generality, we can also assume
that |Co | ≤ |X|. If |Co | > |X|, it means that at least one element S in Co is redundant to cover X, so we can remove S
from Co , and the remaining set is still an optimal solution.
|Co | ≤ |X| implies that |m(Co ) ≤ k|X|. Suppose
m(Co ) = a|X|, for some value a, 0 < a ≤ k.
At a given time, assume that the minimum

|S−X|
|S∩U |

is r, where U is defined as in GREEDY MSSC. For any Z ∈ Co ∩E,
|Z − X|
≥ r,
|Z ∩ U |

so
|Z ∩ U |
1
≤ .
|Z − X|
r
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We have
[

|U | = |

Z ∩ U|

Z∈Co

X |Z − X|
, by Equation (11)
r

≤

Z∈Co

m(Co )
r
a|X|
.
r

=
=

Therefore, there are |X| − |U | ≥ (1 − ar )|X| points of X that are already covered when S is the next set to be chosen,
i.e., GREEDY MSSC cannot choose a set S with
|S − X|
≥r
|S ∩ U |
until a fraction (1 − ar ) of X has been covered. Conversely, if x =
r=

a
1−x ,

|X−U |
|X|

= 1−

a
r

(the covered part of X), then

and for the set S chosen by GREEDY MSSC,
f (x) :=

|S − X|
a
=
.
|S ∩ U |
1−x

x is increasing from 0 to 1. Every time a new subset S is chosen, x “jumps” to a new value, so f (x) is a step function
of x. Since |S ∩ U | ≥ 1 and |S − X| ≤ k − 1, f (x) ≤ k − 1. Note that

a
1−x

= k − 1 if and only if x = 1 −

When GREEDY MSSC chooses a set S, S covers |S ∩ U | = |X|∆x more points of X, where ∆x =

a
k−1 .
|S∩U |
|X| . The

contribution of S to m(Ca ) is
|S − X| = f (x)|S ∩ U | = f (x)|X|∆x.
Therefore,
m(Ca ) =

X

|S − X|

X

f (x)|X|∆x

S∈Ca

=

S∈Ca

= |X|

Z

1

f (x)dx, f (x) is a step function

0

≤ |X|[

Z

a
1− k−1

0

a
dx +
1−x

Z

1

(k − 1)dx]
a
1− k−1

= |X|(a ln(k − 1) − a ln a + a)
≤ a|X|[ln(k − 1) + 1]
= m(Co )[ln(k − 1) + 1].

The theorem shows the relationship between the approximation by GREEDY MSSC and an optimal solution. If k is
small, the difference between them is small too. In this theorem, k is the maximum number of elements a subset can
have, and it corresponds to the maximum number of protein pairs that contain a domain pair in the protein network.
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When X = Y , MSSC is reduced to MSC, which is well known to be N P -hard. In the case of MSC, a logarithmic
approximation is the best known approximation.
C. Prediction
Once the domain pairs are chosen by MSSC, each pair is assigned the same interaction probability (Equation (3))
as in AM. The unchosen domain pairs are given an interaction probability 0. Equation (4) is used to calculate the
interaction probability for each putative protein pair.
V. R ESULTS
We use two sources of protein-protein interactions: one is the combined data set of Uetz et al. [50] and Ito et al.
[27], which we call CombUI; the other is a complete protein-protein interactions set retrieved from the DIP database
[58], which we simply name DIP. The combined Uetz and Ito is also used in [9]. We also study the interactions with
Cvw ≥ 5, they are embedded in highly clustered neighborhoods in DIP. This subset of DIP we call DIP-5
A. Performance Against Other Methods
We compare the ability of MSSC to predict protein-protein interactions against AM and MLE using CombUI. The
training set is equal to the testing set in order to compare against published results. Figure 4a shows that MSSC clearly
outscores AM [48] as well as MLE [9] in both specificity and sensitivity.
MSSC uses a different criterion than MSC. MSC chooses fewer domain pairs to cover the protein interaction
network, but it actually covers more false positives. We observe that MSSC clearly outscores MSC (Figure 4b, using
DIP as both the training and the testing set), so we can conclude that the design of the MSSC is much more suitable
for the appropriate detection of potential protein interactions than is MSC.
Algorithm GREEDY MSSC selects a set S ∈ E with the minimum
have the same

|S−X|
|S∩U |

|S−X|
|S∩U |

(a tie is broken by |S ∩ U |). If two sets

and |S ∩ U |, GREEDY MSSC chooses one randomly. The inset in Figure 4b shows the error bar

for 15 different runs, suggesting that the performance of MSSC is consistent.
P
MESC chooses a subcover C with minimum S∈C |S|. The overlap inside X is reduced as much as possible, while
MSSC allows the overlapping inside X. For the data files we are using, the prediction difference between MSSC and

MESC is very slight. We expect this difference to be more significant for networks of higher eukaryotes, where more
redundancy in the protein interaction network should be present.
B. Robustness of MSSC
We take different percentages of the protein network as the training set and the network itself as the testing set and
compare MSSC against AM and MSC. In Figure 5, six different training sets are used, 10%, 20%, 40%, 60%, 80%
and 100% respectively. The result shows that MSSC consistently outscores AM and MSC when the specificity is high
enough, regardless of the size of training set.
The same test is also performed on DIP-5. Figure 6 shows that with a highly clustered interaction network, the
corresponding percentages for specificity and sensitivity are higher.
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Fig. 4. (a) Using CombUI as both the training set and the testing set, we compare the performance of MSSC, AM [48] and MLE [9]. MSSC
shows significantly higher specificity and sensitivity. (b) Using DIP as both training set and testing set, we observe that the MSSC algorithm clearly
outscores MSC, allowing us to conclude that the design of the MSSC is much more suitable for the appropriate detection of potential protein
interactions. We carried out an error analysis by running each algorithm 15 times (inset), allowing us to conclude that the performance of MSSC is
consistent.

C. Conservation of Network Characteristics
The underlying protein-protein interaction network has some unique statistical characteristics. The scale-free nature
is exemplified by the presence of a power-law in the networks degree distribution. The presence of modularity is
indicated by a power-law dependence of the clustering coefficient C(k) from degree k. In Figure 7a, we focus on
interactions that score above a certain probability cutoff, allowing us to observe that the power-law dependence of
the degree distribution of the networks thus emerging remains untouched (inset). In order to support this qualitative
observation quantitatively, we applied a two dimensional Kolmogorov Smirnov test. Comparing the degree distribution
of the original yeast protein interaction network with the predicted networks emerging from the application of different
probability thresholds, we find small differences ranging from 0.17 (threshold t = 0.4) to 0.28 (threshold t = 1.0).
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Furthermore, we find that the corresponding P-values gradually decrease from P t=0.4 = 0.27 to Pt=1.0 = 9.6 × 10−2,
allowing us to conclude that the observed distributions are basically drawn from the same statistical sample. In the same
way, the choice of the cutoff value does not seem to impair the emergence of modules as well. We still find the powerlaw dependence of the clustering coefficients of the networks emerging from the application of different thresholds
t, observations that are strongly supported by KS-scores (KSS) ranging from KSS t=0.4 = 0.17 (Pt=0.4 = 0.99) to
KSSt=1.0 = 0.24 (Pt=1.0 = 0.88).
A different assessment of the predictions quality is the tendency of interactions toward co-expression. Utilizing the
initial protein interaction data of S. cerevisiae and a set of co-expression data [11], we observe a bell-shaped curve
peaking around a zero co-expression coefficient. If there exists a correlation between the presence of an interaction
between a pair of proteins and their co-expression, we expect a shift to higher expression coefficients. Figure 7b shows
that higher probability cutoffs let the resulting networks exhibit an enrichment of co-expressed interacting proteins.
Assuming that the observed distributions roughly have the same variance, we apply a Student’s t-test to uncover
possibly different means of the predicted co-expression profiles. Applying different thresholds t, we find statistically
significant t-scores (TTS) T T St=0.4 = 18.38 (Pt=0.4 = 2.9 × 10−72) to T T St=1.0 = 15.86 (Pt=1.0 = 6.1 × 10−53),
confirming our observation that an elevated amount of interacting proteins scores higher expression coefficients.
D. Results with High Quality Interactions
Currently available sets of protein interactions contain startling rates of false positives (∼ 50%) and negatives
(∼ 90%) [37]. Recently, the quality of a protein interaction was observed to correlate well with the degree of clustering
of its immediate networks neighborhood [17]. We assume that our prediction results can be significantly improved by
focusing on such highly clustered links. Calculating the hypergeometric clustering coefficient for every link in the
yeast interaction network, we elucidated only those interactions that score above a certain level of clustering. In order
to assess the strength of interactions which are embedded in an increasingly clustered neighborhood to significantly
improve the quality of predictions, we calculated the corresponding specificity/sensitivity curves. Assessing the ability
of the reduced networks to provide a high quality sample of interactions we compared their corresponding sensitivity/specificity curves, allowing us to observe best results with a protein interaction network emerging from links that
score above Cvw ≥ 5. We obtained best results with a rather small network constituted by 354 nodes and 2, 660
interactions.
Figure 8a shows that the specificity/sensitivity curve is significantly shifted to higher values than the corresponding
one obtained from the full protein interaction network in the worst case scenario, which is to use disjoint training
and testing sets. Encouraged by these results, we assume that the proteins which participate in the corresponding
interactions will significantly be co-expressed. Indeed, we find that the co-expression coefficient emerging from
the predicted interacting proteins peaks around 0.2 (Figure 8b). Allowing different thresholds t, we find that the
corresponding t-test scores (TTS) gradually decrease from T T St=0.4 = 28.2 (Pt=0.4 = 8.1×10−171) to T T St=1.0 =
19.3 (Pt=1.0 = 8.4 × 10−83 ), indicating that the limitation to clustered proteins which participate in clustered
interactions indeed significantly elevates the quality of our predictions.
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Fig. 7. To assess the quality of protein interaction predictions of MSSC, we determine the statistical characteristics of the networks which emerges
from our predictions. (a) Utilizing DIP, we observe that the degree distribution follows a power-law (inset). Accounting for interactions which score
above a certain probability, we find that the power-law dependence of the degree remains largely unchanged. Similarly, we observe that the powerlaw dependencies of the clustering coefficient C(k) from the degree as exemplified by the experimental data does largely not depend on the choice
of the cutoff value. (b) Utilizing a set of co-expression data, we observe a bell-shaped distribution curve. Accounting only for interactions that score
above certain cutoffs we observe that proteins which participate in interactions scoring higher probability strongly tend to be co-expressed.

VI. D ISCUSSION
Our results suggest that the quality of predicted protein interactions depends basically on two different aspects. On
the one hand, the quality of our predictions is strongly enhanced if we pre-assess the quality of the underlying protein
interactions by determining the degree of clustering of the interaction’s immediate neighborhood in the network. The
observation that highly clustered links exhibit an elevated reliability is an important step toward the reliable prediction
of potential interactions, since the considerable error-proneness of protein interaction data clearly influences the quality
of results. The correlation between well clustered neighborhoods around the considered links and their interaction
quality is further supported by the significantly elevated degree of co-expressed proteins that participate in present
and predicted interactions. This observation is not only a proof of concept, it also suggests that potential strategies for
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sets are the remainder. The predicted interactions in DIP-5 exhibit a significantly higher degree of quality. (b) Compared to a random set of protein
pairs, the quality of DIP-5 increases with an elevated probability cutoff.

the determination of potential protein interactions have to focus on co-expressed areas of the underlying interaction
network.
On the other hand, by design, our MSSC approach selects a set of domain pairs that both cover the experimental
observations and that maximize the specificity in the training set. Our results indicate that there is a strong correlation
between high specificity in high quality training sets and high specificity in realistic testing sets.
In this paper, we showed a new way of integrating protein interaction and domain data with a quality assessment of
the underlying web of interactions. A further improvement of the algorithm will focus on the systematic integration of
such pre-assessed interaction data in order to ensure highly reliable predictions. Once large-scale protein interaction
sets of organisms other than S. cerevisiae are available, we expect that our algorithm will contribute significantly to
the elucidation of complete organism-specific interactomes.

August 20, 2004

DRAFT

IEEE/ACM TRANSACTIONS ON COMPUTATIONAL BIOLOGY AND BIOINFORMATICS

17

R EFERENCES
[1] Albert, R. & Barabási, A.-L. (2002) Statistical Mechanics of Complex Networks. Rev. Mod. Phys., 74, 67–97.
[2] Bader, G.D., Donaldson, I., Wolting, C., Ouellette, B.F., Pawson, T. & Hogue, C.W. (2001) BIND - The biomolecular interaction network
database Nucl. Acids. Res. (29), 242–245.
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