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Abstract

The ever accumulating wealth of knowledge about protein interactions and the domain architecture
of involved proteins in different organisms offers ways to understand the intricate interplay between
interactome and proteome. Ultimately, the combination of these sources of information will allow the
prediction of interactions among proteins where only domain composition is known. Based on the
currently available protein—protein interaction and domain data of Saccharomyces cerevisine and
Drosophila melanogaster we introduce a novel method, Maximum Specificity Set Cover (MSSC), to
predict potential protein—protein interactions. Utilizing interactions and domain architectures of
domains as training sets, this algorithm employs a set cover approach to partition domain pairs,
which allows the explanation of the underlying protein interaction to the largest degree of specificity.
While MSSC in its basic version only considers domain pairs as the driving force between interactions,
we also modified the algorithm to account for combinations of more than two domains that govern a
protein—protein interaction. This approach allows us to predict the previously unknown protein—
protein interactions in S. cerevisine and D. melanogaster, with a degree of sensitivity and specificity
that clearly outscores other approaches. As a proof of concept we also observe high levels of co-
expression and decreasing GO distances between interacting proteins. Although our results are very
encouraging, we observe that the quality of predictions significantly depends on the quality of
interactions, which were utilized as the training set of the algorithm. The algorithm is part of a
Web portal available at http://ppi.cse.nd.edu.
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1. Introduction

Contemporary proteome research attempts to elucidate the struc-
ture, interactions, and functions of the proteins that constitute
cells and organisms. Large-scale methods determine the molecular
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interactions and unravel the complex web of protein—protein inter-
actions in single-cellular organisms such as Helicobacter pylori (1)
and  Saccharomyces cevevisine (2-7). Most recently, attention
focused on the first protein—protein interaction maps of complex
multicellular organisms such as Caenorbabditis elegans (8, 9) and
Drosophila melanggaster (10).

Such experimental results provide the basis for theoretical con-
siderations that focus on the prediction of potential protein—protein
interactions. Pioneering methods drew on the observation that
interacting protein domains tend to combine into a fusion protein
(11, 12) in higher organisms. Another method utilizes the observa-
tion that proteins having matching phylogenetic profiles strongly
tend to be functionally linked (13, 12). The domain architecture of
interacting proteins offers a framework (14) for assessing the poten-
tial presence of a particular interaction by clustering protein
domains, depending on sequence and connectivity similarities.
Another approach estimates the maximum likelihood of domain
interaction (15, 16). Further ideas include overrepresented domain
signatures (17), graph-theoretical methods (18), and other prob-
abilistic approaches (19). Support vector machines also were
employed to predict potential interactions by modeling network
motifs that exhibit higher reliability of the underlying protein—
protein interactions (20).

2. Materials

2.1. Protein—Protein
Interactions

The first comprehensive, albeit weakly overlapping protein—
protein interaction maps of S. cerevisine have been provided
with the yeast-two-hybrid method (2, 4). Currently, there exists
a variety of yeast-specific protein—protein interaction databases.
Most of them, such as MINT (21), MIPS (22), and BIND (23),
collect experimentally determined protein—protein interactions.
These databases lack an assessment of the data’s quality.
In contrast, the GRID database, a compilation of BIND, MIPS,
and other data sets, as well as the DIP database (24), provides sets
of manually curated protein—protein interactions in S. cerevisiae.
The majority of DIP entries are obtained from combined, non-
overlapping data mostly obtained by systematic two-hybrid
analyses. Here, we used a compilation of yeast interactions that
have been evaluated by a logistic regression method, allowing
the assessment of 47,773 interactions among 4,627 proteins
(25). Similarly, experimentally determined interactions in
D. melanogaster were evaluated, allowing for 20,047 interactions
among 6,996 proteins (10).
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The advent of fully sequenced genomes of various organisms has
facilitated the investigation of proteomes. The Integr8 database
(http://www.ebi.ac.uk/integr8) has been set up to provide
comprehensive statistical and comparative analyses of complete
proteomes of fully sequenced organisms. The initial version of
the application contains data for the genomes and proteomes of
182 sequenced organisms (including 19 archae, 150 bacteria, and
13 eukaryotes) and proteome analysis derived through the inte-
gration of UniProt (26), InterPro (27), CluSTr (28), GO/GOA
(29), EMSD, Genome Reviews, and IPI (30). In particular, we
utilized IPI (International Protein Index) files of Yeast, which
provide full annotations of each protein with its corresponding
domains. In particular, we elucidated the domain architecture of
the corresponding proteins by focusing on PFAM domain infor-
mation as of the corresponding IPI files (31).

Genes with similar expression profiles are likely to encode inter-
acting proteins (32, 33). We assess MSSC’s ability to predict pairs
of potentially interacting yeast proteins (Section 3.5), by utilizing
the gene expression data of S. cerevisae and D. melanggaster. By
downloading 1,051 expression profiles of Yeast and 157 of fly
from the Stanford Microarray Database (SMD, http://genome-
wwwh5.stanford.edu), we calculated the Pearsons correlation coef-
ficient 7p for each pair of interacting proteins. Provided there exist
data for both proteins over m time points, the Pearson correlation
coefficient is calculated by
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_ WZZ =1%)i— Y
rp = . ) [1]
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where x and y are the sample means, and ¢; and oj are the standard
deviations of zand j.

For any two interacting proteins, we calculate an annotation-based
distance between proteins, taking into account all Gene Ontology
terms (29) (GO, http://www.geneontology.org) that are com-
mon to the pair and terms which are specific to each protein. Any
two proteins can have several shared GO terms (common terms)
and a variable number of terms specific for each protein (specific
terms). This distance between interacting proteins z and jis based
on the Czekanowski-Dice formula (34):

| Tco(4)416o(7)|

di; = . : . —.
Y | Teo(2) U Teo ()] + | Teo (2) N Teo (/)|

2]

In this formula, Tgo are the sets of the proteins with associated
GO terms while | Tgo| stands for their number of elements, and A
is the symmetrical difference between two sets. This distance
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formula emphasizes the importance of the shared GO terms by
giving more weight to similarities than to differences. Conse-
quently, for two genes that do not share any GO terms the distance
value is 1, while for two proteins sharing exactly the same set of GO
terms the distance value is 0.

3. Methods

3.1. General Outline of
the Protein Gover
Problem

3.2. Domain
Combinations

Investigations of the three-dimensional protein structure suggest
that the fundamental unit of protein structure is a domain. Inde-
pendent of neighboring sequences, this region of a polypeptide
chain folds into a distinct structure and mediates the proteins’
biological functionality. A domain can also be defined as an
amino acid sequence motif with an associated function. Largely,
proteins contain only one domain (35) while the majority of
sequences from multicellular eukaryotes appear as multidomain
proteins of up to 130 domains (36).

We identify proteins in the proteome that give rise to protein
interactions through the selection of domain combinations that
explain the known protein interaction network. In the simplest
case, we use only a selected set of domain pairs in a training set of
protein interactions R = (Pg, Er), where Py is the set of proteins,
and Eg defines a set of edges between proteins if and only if they
interact with each other. The protein interactions R induce a set
of domain pairs Dy = {(4;, 4;) } where the domains 4;and 4;belong
to the proteins involved in the interactions Egr. Schematically,
we show these relations in Fig. 3.1a. The protein—protein cover
problem thus arising is to choose an “optimal” subset of domain
pairs Dgr, D C Dg, such that D covers all the interactions in R
(Section 3.5).

We conceptualize domains as the driving force behind the forma-
tion of protein interactions. Since the vast majority of proteins in
single cellular organisms carry a single domain, domain pairs are
sufficient to explain the presence of a protein interaction. How-
ever, in more complex organisms the number of multidomain
proteins increases. Indicating that protein interactions might be
also facilitated by multidomain interactions, we also allow Dy to
include combinations of interacting domains that are potentially
involved in a given protein interaction. As such, we handle domain
combinations in our framework as new “domains.” Assuming that
P;has domains d;, d,, and d3, we label d;d>, d;ds, d> d3,and djdds
as “new” domains (Fig. 3.1b). Depending on the complexity of
the proteins, we might only want to look at combinations up to a
certain number of domains.
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Fig. 3.1. Combinatorics of protein interactions. (a) In the simplest case, we consider
protein domain pairs as the driving force behind the formation of protein interactions.
(b) In a more sophisticated way, we also consider combination of domain pairs that
potentially can give rise to observed protein interactions.

The set of domain pairs D obtained from a training set of interac-
tions among proteins for which the domain architectures are
known can be utilized in different ways to predict protein—protein
interactions. The association method (17) assigns an interaction
probability (4,,, 4,,) to each domain pair (4,,, 4,) in Dg (such that
DR = D) by

P(d;, dy) = 25 3]

iy By N, 3

where I;;is the number of interacting protein pairs that contain (4;,
d;),and Nj;is the total number of protein pairs that contain (4;, 4;).
The interaction probability for each putative interaction between
pairs of proteins is calculated using

P(P;, Py) =1 — (1 = P(dy, dy))- (4]
(d i) (P, )
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3.3.2. Maximum Likelihood
Estimation (MLE)

3.4. Transformation of
Protein Network to Set
Gover Problem

The maximum likelihood estimation method (15) assumes that
two proteins interact if at least one pair of domains of the two
proteins interacts. Under the above assumption, any protein pair
(P;, P)) is the same as the one used in our protein—protein cover
problem, Eq. [4]. So, the maximum likelihood is

L=T[PO;=1)%(1 - P(O;=1)" % 5]
where

0. — {1 if (P;, P;) € Eg,
Y710 otherwise.

(6]

The likelihood Lis a function of 0 (P(d;, 4,), f,, f,), where P(d,,
d;) represents the probability that domains 4; and 4; interact
while f, and f, indicate fixed rates of false positive and false
negative interactions in the underlying network. Note that in
both the Association Method (AM) and the Maximum- Likelihood-
Estimation (MLE), domain pairs were utilized to predict potential
protein interactions.

Suppose X is a finite set and F is a family of subsets of X that can
cover X,i.e.,X C Jgor S. The set-cover problem is to find a subset
C of F to cover X,

xclJs [7]

SeC

where C is also required to satisfy certain conditions according to
different specific problems. For example, the minimum exact set-
cover problem requires that Xgc¢|S| is minimized, allowing fora C
with minimum cardinality |C| (37, 38). The minimum set-cover
problem is NP-complete. The set-cover problem can be general-
ized for our purposes by putting X into a bigger set 1 (Fig. 3.2a).
Suppose Tis a finite set, X C 7 and F is a family of subsets of 1
that can cover X, i.e.,X C (Jgcp S. Thus, the generalized set-cover
problem is to find a subset C of F to cover X,

XC US, 8]

SeC

where C is again constrained to certain problem-specific conditions.
This theoretical framework allows us to conceive protein interac-
tions as a set-cover problem. As already mentioned, protein—protein
interactions can be modeled as a graph Pg = (P, E), where Pis the set
of proteins and Eis the set of edges between two proteins if and only
if they interact with each other. A set-cover problem is set up from
the protein—protein interaction network Pg by taking

Y = {all protein pairs (P;, P;)|P;, P; € Pr},
X = {protein pairs (P;, P;)|(P;, P;) € Er},
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Fig. 3.2. Schematic representations of set cover problems. (a) Here, we show the
generalized set cover problem: Xis a subset of ¥, and F = {S;,1 < i < t} isafamily of
subsets of Y. (b) MSSC chooses a set S with the minimum % The greedy algorithm for
MSSC allows overlapping of subset inside X. The overlap actually increases the inter-
action probability for a protein pair.

and F to be the set of all domain pairs (4,,, 4,,), where (4,,, 4,,) is
contained by at least one element of X. A domain pair (4,,, 4,,) is
considered as a subset of 1. Specifically, it a protein pair (P;, P;) (an
elementin X') contains (4,,, 4,), then (P;, P;) belongs to the subset
(A, 4,,).

Suppose we find a subset C of F to cover every element (P;, P;)
in X where an element in C corresponds to a domain pair (4, 4,,).
If (4,,, d,,) covers (P;, P;), then the two proteins P; and P; contain
d,, and 4, respectively. Since (4,,, 4,,) can be used to cover the
interaction between P;and P}, we also have a set of domain pairs to
cover the protein network Pg. Suppose there is a set D of domain
pairs to cover the network Pg. For every element (P;, P)) in X,
there is a domain pair (d,,, d,,) from D to cover the interaction
between P;and P;. Since (4,,, 4,,) can be viewed as an element in F,
the collection C ofall the domain pairs from Dis a subset of F, and
C covers X.

In this transformation, the set of protein—protein interactions
Pr corresponds to the set X that needs to be covered, and a
domain pair corresponds to an element in F (a subset of 7).

Once a set cover that fulfills these criteria is found, sets of
protein domain interactions allow a description and explanation
of the underlying protein interactions to the best extent. Such pairs
of proteins can be scanned if an interaction among their domains is
actually present in the set cover and therefore is a potential candi-
date for a putative protein interaction.

Many ways exist that allow choices of domain pairs which cover the
protein—protein interactions in a training set. AM simply uses all
the possible domain pairs to explain the protein—protein
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interaction network, i.e., it uses F to cover X, so the resulting
specificity is very low (15). Sometimes, we are only interested in
using a subset of domain pairs to cover the protein—protein inter-
action network, and hopefully the subset is chosen so that both
specificity and sensitivity are maximized. So, the MSSC problem is
to find a subset C of F to cover X such that

m(C) =2 _|$ - X| 9]
seC
is minimized.

MSSC allows the subset Cto cover the overlap with X, but the
overlap with 7 — X (outside X ) is minimized. MSSC chooses a
cover in this way to maximize the specificity because the false
positives appear only in ¥ — X. In developing a greedy algorithm
for MSSC (Fig. 3.3) at each step, it chooses a subset whose ratio
between the part outside X and the part inside
U, (]S — X]|)/(ISN UlJ), is minimized (Fig. 3.2b).

The number of iterations of the while loop is bounded by
min(|X|, |F|) where each single iteration takes (O|X||F|) time; so
the time complexity of this greedy algorithm is
O(|X||F) min(|X],|F|)). If we apply appropriate data structures,
it can be realized in O(log|F|Xscp|S|) time. In particular, we
maintain a bipartite graph between the elements in 7 and the
elements in F. If the former is contained by the latter, we add an

GREEDY_MSSC(Y, X, F)

U+ X

E—F

C+ 10

while U # ()

do pick S € £ with the minimum
(a tie is broken by |SN UJ)

U<+ U —{S}
E+ E—{S}
C+ CuU{S}

|S—x|
[snUl

return C

Fig. 3.3. Pseudocode of the greedy algorithm for solving the Maximum Specificity
Set Cover (MSSC) problem. In this representation, we describe the basic steps of the
greedy algorithm, which allows us to find a set cover with maximum specificity. In
particular, the routine GREEDY_MSSC (Y, X, F) receives X, the set of actual interactions, Y
the set of non existing interactions, and F, a family of possible families of protein domain
interactions that cover X. In every step of the algorithm a family Sfrom Eis chosen, which
minimizes the ratio between the cover between Sand X and the intersection between S
and the already covered set of interactions U. This optimization procedure allows us to
obtain an optimal collection of families of domain interactions that allow the largest
possible cover of interactions.
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edge between them, so there are Xgcp|S| edges. Furthermore, we

store all elements in Finto a heap ordered by }g;{}(‘l When asubset §

is selected, it is excluded from our problem. We update the bipar-
tite graph and the heap accordingly. The bipartite graph will not be
updated more than X gcp|S| times totally. For a single S, the updat-
ing of the heap takes |S|log]|F|. Therefore, the total time is
O(Zser|S| + Zscr|S|log | F|), which is O(log |F|Zscr|S|). If |F| is
very large, we use an array of | X |2 instead of a heap to store F,
resulting in a time which is O(| X|* 4+ Zsc£|S]).

The greedy algorithm only allows an approximation. Its solu-
tion has the following relationship with the optimal solution of
MSSC

Theorem Suppose C, is the approximation of MSSC found by
the above greedy algorithm, and C, is an optimal subset for MSSC.
Let b = maxgep |S|. If m(C,) = 0, then m(C,) = 0; otherwise, we
have

< [In(k—1)+1]. [10]

The proof for this theorem can be found in (39). Since % is the
maximum number of elements a subset can have, it corresponds to
the maximum number of protein pairs that contain a domain pair
in the protein network. Therefore, this theorem indicates that the
difference between the approximated and the exact solution
remains small, if the maximal number of protein interactions cov-
ered by a domain pair is kept small too (i.e., we want to get rid of
“promiscuous” domain pairs).

The MSSC procedure, which also accounts for multidomain
interactions, allows us to predict putative protein—protein interac-
tions in S. cerevisine and D. melanogaster. We observe that our
algorithm clearly outscores previous methods such as the Association
method (AM) and Maximum Likelihood Estimation (MLE) in
terms of sensitivity and specificity. We also observe that our algo-
rithm increases the quality of predictions by using a carefully selected
training set of protein interactions. As such we observe that a curated
set of yeast and fly protein interactions, which aims to evaluate each
interaction with a confidence score, can increase the quality of pre-
dictions drastically. Indeed, we observe that our predictions correlate
significantly with elevated levels of co-expression and low GO dis-
tances, a strong indication for the quality of our predictions.

Since it was used in the original paper (15), we use the combined
data set of Uetz et al. (4) and Ito et al. (2), which allows a direct
performance comparison of AM, MLE, MSC, MSSC, and MSSC,.
We choose MSSC,, the MSSC version that accounts for up to two
domain combinations, since we did not find a significant
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improvement when going to greater than two domain combina-
tions with the current data. However, this might not be the case
for more complex data sets.

We use all interactions in the aforementioned dataset as train-
ing and test sets. As for information about the domain architecture
of'yeast proteins, we utilized PEAM domain data (31) as laid down
in the Integr8 database. This induces an overfitting, but results in
disjoint training and testing sets are qualitatively similar. We mea-
sure the prediction accuracy by specificity, the ratio of the number
of matched interactions between the predicted interaction set, 1,

and the testing set, 7, over the total number of predicted interac-

tions, SP = % As quality parameters, we define sensitivity as the

ratio of the number of matched interactions between the predicted

set, I, and the testing set, T, over the total number of observed

interactions, SN = %

In Fig. 3.4, we observe that MSSC — the implementation of
our algorithm that accounts for domain pairs only — outperforms
AM in terms of both specificity and sensitivity drastically. While
MSSC in general allows for results that are very similar to MLE, we
observe that MSSC generates significantly more results in areas of
high specificity.

Apart from MSSC, we also tried the minimum set cover
(MSCQC), utilizing domain pairs. MSC uses different criteria to
choose the subset C from F so that C has minimum cardinality
|C| (38, 39). Compared to MSSC, MSC chooses fewer domain

1007 =F
80
60

40

sensitivity

20

o

40 60 100
specificity

Fig. 3.4. Performance comparison of different algorithms. We compare the perfor-
mance of the Association Method (AM) (77), Maximum Likelihood Estimation (MLE) (75),
Minimum Set Cover (MSC) (38), Maximum Specificity Set cover (MSSC), and its version
that uses pairwise domain combinations (MSSC,). As training and testing set we utilize a
combined set of interactions retrieved from yeast-two-hybrid compilations of Uetz et al.
(4) and Ito et al. (2). We observe that MLE and MSSC share the same prediction
characteristics while MSSC, allows the best predictions. On the other hand, MSSC and
MSSC, clearly outscore AM and MSC.
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pairs to cover the protein—protein interaction network, but actu-
ally covers more false positives, as indicated by the comparably low
values of sensitivity and specificity. In Fig. 3.4, we also observe
that an implementation of MSSC that accounts for interactions
between up to two domain combinations (MSSC,) slightly out-
performs MSSC. Note that the solution for MSSC is a subset of
MSSC,; since both use the same algorithm, while MSSC, gives the
algorithm more choices in order to obtain more accurate
predictions.

Currently available sets of protein—protein interactions contain
startling rates of false positives (~50%) and false negatives
(~90%) (40). However, there exist a variety of ways to circumvent
this problem. One of the most reliable ways to assess the quality of
interactions is to integrate different sources interactions to increase
their reliability. In particular, training a logistic regression model
with parameters such as co-expression, topological and protein
interaction related data allows a prediction of an interaction’s
reliability quantified by a confidence value (25). Here, we utilize
such evaluated interaction data sets of the organisms S. cerevisine
(25) and D. melanogaster (10), combining 4,627 yeast proteins
and 47,783 interactions and 6,996 fly protein, which are involved
in 20,047 interactions. All of these interactions are evaluated by a
confidence value.

In general, proteomes are composed by a majority of proteins
that carry one domain. However, in more complex organisms,
proteins carry more than one domain, suggesting that domain
combinations are putatively important for protein interactions.
In Fig. 3.5, we present the sensitivity/specificity curves we
obtained by applying MSSC and MSSC, to the curated sets of
yeast and fly protein interactions. In particular, we utilized sets of
increasing reliability (as measured by the threshold of the confi-
dence value ¢) of yeast (25) and fly (10), allowing us to obtain
sensitivity /sensitivity curves of predictions by considering these
sets as trainings as well as testing set. In general, we observe that
both yeast and fly protein interaction sets of increasing reliability
outscore the corresponding curves obtained with sets of lower
quality. In particular, our results suggest that predicting interac-
tions with MSSC,; slightly outperforms the results obtained with
MSSC, indicating the role of protein domain combinations for the
underlying interactome. In the following, we predict protein inter-
actions in yeast and fly by the application of the MSSC, algorithm.

To evaluate the quality of our predictions, we analyze the
distributions of co-expression correlations. In Fig. 3.6, we
observe that training sets containing high confidence interactions
indeed allow a significant shift of distributions of co-expression
correlation coefficients. In both cases, yeast and fly predictions
show significant different means of their distributions when



54

Kanaan et al.

1008
MSSC,, ¢ 0.0
MSSC,, c=0.5| |
MSSC,, ¢ 20.7
80 MSSC,, ¢ 20.9
O-0 MSSC, ¢20.0 |
- OO0 MSSC, c205
= <—0 MSSC, ¢20.7
B 60 A-A MSSC, ¢20.9
=
4
40
]
20
0 i | 1 | i | 1 L
0 20 40 . _60 80 100
specificity a
100 T T T T T
. A -0 MSSC,, ¢ = 0.0
MSSC,, c> 05| |
> MSSC,, 07| |
805 "/ MSSC, c>09
L MSSC, ¢200| |
MSSC, ¢ =05
:‘? 60— MSSC, c20.7 | |
> MSSC, ¢z 0.9
=
S a0- : -
n O .
20- o g _un o
0 L | | i | 1 i
0 20 40 i _60 80 100
specificity b

Fig. 3.5. Sensitivity/specificity curves of predictions in yeast and fly protein
interactions sets. We predicted interactions by feeding the MSSC and MSSC, algo-
rithms with protein interactions sets of increasing reliability (c). We obtained sensitivity/
specificity curves by considering these sets as trainings as well as testing sets. (a) In
general, we observe that both (a) yeast and (b) fly protein interaction sets of increasing
reliability allow us to obtain sensitivity and specificity values that outscore the corre-
sponding curves obtained with sets of lower quality. In particular, our results suggest that
predicting interactions with MSSC, slightly outscores the results obtained with MSSC,
indicating the dominating role of domain combinations for the underlying interactome.

compared to a background distribution (which is defined as the
full set of uncurated yeast (25) and fly interactions (10)). Signifi-
cant Student’s #-test scores support our conclusion that high-
quality interactions allow a higher degree of quality predictions.
As a different measure for the existence of a predicted interac-
tion, we utilize the empirical observation that interacting proteins
show a significantly elevated tendency to share similar functions.
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Fig. 3.6. Co-expression and GO distance analysis of the predictions in yeast and fly.
Compared to a comprehensive set of co-expression correlations values of protein links
(background), we observe that in (a) yeast and (b) fly the quality of the underlying protein
interaction network increases the quality of our predictions. The shift toward higher
coexpression correlation values is further supported by significant Student’'s t-test
scores, when testing the curves of the predictions to a background distribution being
the full set of uncurated yeast and fly interactions. [c > 0.5:2.61 (P=9.1 x 10’3), c>
0.7:41.66(P <1079, ¢c>0.9:36.26 (P<10 "% andfly[c > 0.5:4.20 (P=2.6 x
107%),¢>0.7:10.53 (P< 1079, ¢ > 0.9: 8.81 (P < 10 '%). As a different indicator
of the existence of a potential interaction we show the GO distance for yeast ((a), inset)
and fly ((b), inset). Similarly to the distributions of co-expression coefficients we find that
an increasing quality of the training sets allows qualitatively better predictions as exemplified
by the shifts toward lower values. These results are further supported by significant Student’s
ttest scores when compared to the background distributions of yeast [¢ > 0.5 : 3.85
(P=12 x 107%,¢>0.7:310 (P=2.0 x 107%,¢>0.9:594 (P=29 x 10~°) and
fly [(;*0)2 0.5:1.02(P=0.31),c>07:288 (P=4.0 x 1073, ¢>09:6.27 (P=59 x
107 ).

In turn, a measure that represents functional similarity might be
used as an indicator of an interaction’s existence. Utilizing GO
annotations (29), we calculate a GO distance (see Materials) for
every predicted interaction. If two proteins do not share any GO
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terms, the distance value is 1, while the opposite holds for proteins
sharing exactly the same set of GO terms. Indeed, in the insets of
Fig. 3.6, we observe that both yeast and fly predictions, that were
obtained with high-quality training sets show a stronger functional
similarity. Again, in both cases distributions have significantly
different means as exemplified by significant Student’s z-test
scores, indicating that high-quality interactions indeed influence
the quality of the predictions.

4. Conclusions

In this paper, we present a novel algorithm that allows the selection
of a set of domain pairs, which covers the experimental observa-
tions and maximizes the specificity in the training set of protein
interactions. Compared to previous methods, MSSC is able to
improve the specificity for a given sensitivity. As a refinement of
this algorithm we also introduced the opportunity to model and
predict interactions as the consequence of interactions among
many combinations of domains. In particular, we observe that
the relatively small amount of multidomain proteins in yeast com-
pared to fly already have a significant impact on the interactions of
the underlying interactome. As such, we observe that we obtain
better results by applying MSSC,, our algorithmic extension that
accounts for domain combinations.

5. Notes

1. Dependence from training data. Our results also suggest that
the quality of predicted protein—protein interactions strongly
depends on the utilized training sets. Although we showed
that our algorithm by design reduces the amount of false
positives, it allows only high-quality interactions if the train-
ing set reflects an elevated degree of quality.

The dependence on high-quality interaction sets also poses a
sometimes intricate problem. The increase in quality always is
accompanied by a decrease of protein interactions and there-
fore limits the number of interacting proteins involved. Thus,
the number of protein domains that allow these interactions is
diminished as well. Since protein interactions and domains are
the major data sources of our algorithm, the choice of an
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appropriate training set that balances quality and a reasonable
number of domains, that still allows predictions on a large
scale is a crucial step.

2. Outlook. The proposed algorithm can be used to predict
protein interactions for every organism for which data of
protein interactions and the corresponding protein domain
architectures are available. Encouraged by the high quality of
our results, a next step is the prediction of potential interac-
tions between proteins in organisms where high-quality inter-
action data are available to train MSSC,. Furthermore,
proteins that participate in many interactions are preferen-
tially conserved and change their sequence only to a small
extent (41, 42). The observation that high clustering and co-
expressed protein—protein interaction sets show preferential
evolutionary conservation (43, 44), and increased reliability
(18) allows us to not only obtain a high-quality set of inter-
actions potentially serving as the basis for predictions in a
reference organism. In fact, such sets of interactions may
also indicate evolutionary cores that have been conserved
more generally among different organisms. As such they not
only allow the evaluation of protein—protein interactions but
also could serve as a training set for the predictions of protein
interactions in target organisms.
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