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Abstract

Background: The analysis and usage of biological data is hindered by the spread of information across mul-

tiple repositories and the difficulties posed by different nomenclature systems and storage formats.  In particu-

lar, the study and use of protein-protein interactions is one area where there is an important need for data

integration. Without good integration strategies, it is difficult to assess how much interaction data is available

and its properties.

Results: We present a data integration approach for protein-protein interactions. This integrative approach

has been implemented into PIANA, a protein-protein interaction software framework under the GNU Public

License (http://sbi.imim.es/piana). We find that the integrated network of interactions shows properties very

similar to those observed in previously reported protein interaction networks. We also find that interaction

prediction methods find interactions for many proteins for which experimental methods have not produced any

information.

Conclusions: PIANA´s approach to protein interaction data integration solves many of the nomenclature

issues common to systems dealing with biological data. The concept presented here can be extended to other

types of biological data. The integration of all available protein interaction data is fundamental to obtaining a

comprehensive picture of the interactions taking place in the cell.
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Introduction

The completion of genome sequencing projects stimu-

lated the development of high-throughput experimental meth-

ods aimed at functional characterization of the discovered

genes. In particular, the identification of protein-protein in-

teractions has been accelerated by the development of new

technologies such as two-hybrid assays (Parrish et al., 2006;

Rual et al., 2005; Stelzl et al., 2005) and affinity purifica-

tions followed by mass spectrometry (Gavin et al., 2006;

Krogan et al., 2006; Puig et al., 2001). Thus, a vast amount

of protein-protein interaction data has been collected, in-

cluding proteome-scale interactome maps for yeast (Ito et

al., 2001; Uetz et al., 2000), fly (Giot et al., 2003) and worm

(Li et al., 2004), and a partial map for human (Rual et al.,

2005; Stelzl et al., 2005). In addition to providing insights

about biological systems (Barabasi et al., 2004; Cusick et

al., 2005), protein interaction maps can be used to infer the

function of proteins (Sharan et al., 2007), detect remote

homologs (Espadaler et al., 2005a) and to identify the bind-

ing sites of a protein (Kim et al., 2006).

However, interaction data is spread across multiple re-

positories and codified using various nomenclature systems

(Mathivanan et al., 2006). In consequence, experimental

biologists face difficulties when trying to find all known in-

teractions for their proteins of interest, and the computa-

tional analysis and usage of protein interaction data is usu-

ally constrained to using a partial subset of all available

knowledge. For example, any comprehensive search of in-

teractions for a particular protein must include at least seven

databases of protein-protein interactions: the Database of

Interacting Proteins (DIP) (Salwinski et al., 2004), the MIPS

database of interactions (Pagel et al., 2005), the Molecular
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INTerations database (MINT) (Chatr-aryamontri et al.,

2007), IntAct (Kerrien et al., 2007), the Biomolecular Inter-

actions Database (BIND) (Alfarano et al., 2005), the BioGrid

(Stark et al., 2006) and Human Protein Reference Data-

base (HPRD) (Peri et al., 2003).

Besides, each database uses different strategies for iden-

tifying proteins, and translations between synonym identifi-

ers (i.e. identifiers linked to the same protein sequence) are

required before any manual search or automatic process-

ing. Moreover, there are methods for predicting protein in-

teractions that can be used when no experimental interac-

tions have been detected for a protein, but results from these

methods are usually spread across multiple websites, each

one in its own format.

There are efforts to standardize and harmonize protein

interaction data. HUPO-PSI (Hermjakob, 2006) has devel-

oped a schema that enables the description of interactions

between a wide range of molecular types, thus facilitating

the access and data exchange between different research

groups. The IMEx consortium (Orchard et al., 2007) is a

group of major public interaction data providers sharing

curation effort and exchanging completed records on mo-

lecular data following the HUPO standard exchange for-

mat. In consequence, the rate of data curation and data

sharing between different repositories has been improved,

but integration is still not completed. For example, HUPO

PSI-MI 2.5 format allows the identification of interactors

by unique identifiers from different databases, but the guide-

lines implemented do not include a strategy for naming pro-

teins, which leaves unresolved many of the integration is-

sues.

The issue of protein nomenclature has been addressed

by internationally recognized scientific organizations like

HGNC (Wain et al., 2002) and SGD (Christie et al., 2004),

but they do not cover all species and do not map all data-

base identifiers. IPI (Kersey et al., 2004) offers a non-com-

plete redundant data set with cross-references with exter-

nal identifiers.

The importance of protein interactions analysis has

prompted the development of tools focused on protein in-

teraction networks and their visualization, analysis and data

integration (Aittokallio et al., 2006; Cline et al., 2007). For

example, Cytoscape is focused in centralizing network analy-

sis tools on a single platform with built-in visualization (Sh-

annon et al., 2003). Other visualization and analysis tools

include Osprey (Breitkreutz et al., 2003), VisANT (Hu et

al., 2004), and ProViz (Iragne et al., 2005). On the other

hand, current packages aimed at data integration include

tYNA (Yip et al., 2006), a web system for managing, com-

paring and mining multiple networks, and cPath (Cerami et

al., 2006), a platform for collecting and storing biological

pathways that can be used from third party softwares for

visualization and analysis. Some other works provide merged

views of most public interaction data, such as MiMI

(Jayapandian et al., 2007), APID (Prieto et al., 2006), and

UniHI (Chaurasia et al., 2007).

While these tools have been shown to be useful for cre-

ating and analyzing protein-protein interaction networks,

there is still the need for an integration engine that truly

unifies all available data into a single network and allows

automatic analyses on a global scale. Most current integra-

tion tools are designed to work with interactions coming

from one single type of data format, and others have prob-

lems when dealing with interactions codified using different

types of protein identifiers.

Recently, a number of studies have examined the pro-

tein interaction data available in the public domain (Futschik

et al., 2007; Hart et al., 2006; Mathivanan et al., 2006).

Pandey and coworkers (Mathivanan et al., 2006) analyzed

experimentally detected human interactions from multiple

databases, concluding that repositories show little overlap

among them. Herzel et al. (Futschik et al., 2007) also com-

pared human interaction maps, but added interaction pre-

dictions to the list of analyzed repositories.

They concluded that the overlap between repositories is

small but significant, and showed that the different interac-

tion maps suffer from sampling and detection biases. The

integration strategy of both works consisted in mapping all

binary interactions to pairs of Entrez Gene identifiers.

Marcotte and coworkers (Hart et al., 2006) analyzed yeast

and human interaction data sets, and estimated that their

protein interaction networks should contain 37,800-75,500

and 154,000-369,000 interactions respectively.

In a recent work, we presented PIANA (Protein Inter-

actions And Network Analysis), a framework for creating,

managing and analyzing protein-protein interactions

(Aragues et al., 2006). Here, we describe the PIANA ap-

proach to protein nomenclature and its strategy to protein-

protein interaction data integration. Furthermore, we describe

the properties of the experimental interaction network ob-

tained for all species by integrating interactions from DIP

(Salwinski et al., 2004), MIPS (Pagel et al., 2005), MINT

(Chatr-aryamontri et al., 2007), IntAct (Kerrien et al., 2007),

BIND (Alfarano et al., 2005), BioGrid (Stark et al., 2006)

and HPRD (Peri et al., 2003). We also describe the proper-

ties of the interaction networks obtained from different

methods of protein-protein interaction prediction. We con-

clude by discussing potential enhancements to the integra-

tion approach here described.

Materials and Methods

Interaction Networks Based on ProteinIDs and other

External Identifiers

Interaction networks are built using proteinIDs as nodes
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Identifier Type 

Number of 
distinct 

identifiers 
External Identifier: 

Piana proteinID 
Piana proteinID : 
External Identifier 

% proteinIDs 
covered 

1:1 99.74 1:1 96.98 
Uniprot Accession 4639397 

1:>2 0.07 1:>2 0.98 
68% 

1:1 98.44 1:1 24.85 
NCBI Accession 10760685 

1:>2 0.83 1:>2 26.78 
96% 

1:1 90.77 1:1 98.41 
NCBI geneID 2416561 

1:>2 1.87 1:>2 0.17 
42% 

1:1 81.10 1:1 79.58 
Gene Symbol 4143090 

1:>2 3.95 1:>2 6.57 
80% 

1:1 90.34 1:1 97.70 Primary Gene 
Symbol 

1207358 
1:>2 5.27 1:>2 0.13 

42% 

 

(see sections ‘Mapping protein identifiers’ and ‘Protein-pro-

tein interactions integration’). When translating the nodes

of the network to external protein identifiers (process re-

ferred as ‘unifying the network’), there are two possibili-

ties: 1) one proteinID corresponds to a single  external iden-

tifier and 2) different proteinIDs correspond to the same

identifier, and thus, nodes and interactions are merged.

Therefore, the same PIANA proteinID network will corre-

spond to different unified networks, depending on the ex-

Table 1: Protein identifiers statistics.

Summary of the most relevant protein identifier types, calculated from a total of 6,476,028 distinct

sequenceIDs in the database. Columns are: identifier type, number of distinct identifiers, the propor-

tion of proteinIDs with respect to external identifier correspondences, the proportion of external

identifiers with respect to proteinIDs, and the percentage of proteinIDs covered by the external

identifier. Primary gene symbols are those gene symbols that have been established as the official

gene name by nomenclature authorities such as HUGO (Wain et al., 2002) or FlyBase (Crosby et

al., 2007).

Methods for the Prediction of  Protein Interactions

We used predictions of protein-protein interactions ob-

tained by four different methods: (i) Gene fusion, in which

two proteins are predicted to interact if their corresponding

genes appear fused in another genome (Enright et al., 1999);

(ii) Phylogenetic profiles, in which similarity of phylogenetic

profiles is interpreted as being indicative of two proteins

need to be simultaneously present to perform a given func-

tion together (Pellegrini et al., 1999); (iii) Distant conserva-

tion of sequence patterns and structure relationships, in

which structural similarities among domains of known in-

teracting proteins and conservation of pairs of sequence

patches involved in protein–protein interfaces are used to

predict putative protein interaction pairs (Espadaler et al.,

2005b); and (iv) Structural interologs, in which interactions

are transferred between proteins with the same structural

domains (Aragues et al., 2006). Interactions for the two

first methods were retrieved from STRING (von Mering et

al., 2007) by querying the database for interactions with a

score higher than 0.7 for that particular methodology. Inter-

actions for (iii) were obtained from the work of Espadaler

et al. (Espadaler et al., 2005b). Interactions for (iv) were

predicted by transferring experimental interactions in PIANA

between proteins with a domain within the same SCOP fam-

ily.

ternal identifier. Statistics in this article have been obtained

after unifying the networks by NCBI geneID. Although

geneIDs only cover 42% of proteinIDs, the cardinality

proteinID:externalIdentifier is the highest (Table 1), and there-

fore geneID is the best suited identifier type for obtaining

an unbiased view of the integrated protein interaction net-

work. Protein sequences of unknown geneID were unified

using UniProt accessions.

Results

Overview

PIANA (Protein Interactions And Network Analysis)

(Aragues et al., 2006) is a software framework  capable of
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(i) integrating multiple sources of information into a single

relational database (see database design on additional file

1); (ii) creating and analyzing protein interaction networks;

and (iii) mapping multiple types of biological data onto pro-

tein interaction networks. PIANA code and documentation

are freely available under an open source license for local

installation and modification (http://sbi.imim.es/piana). The

Mapping Protein Identifiers

PIANA handles an extensive set of protein identifiers

types: UniProt entries and accessions; gene symbols; NCBI

gi, geneID, Unigene and accession numbers; ENSEMBL;

RefSeq; PDB; and FastA formatted sequences. PIANA

internally identifies proteins with proteinIDs (integers). Each

proteinID is linked to a pair [aminoacid sequence, taxonomy

id], so there is a unique identifier for each protein sequence

for a given organism. This allows PIANA to use the <se-

quence, species>  of the protein as an inter-lingua between

the external identifiers provided by the main repositories of

genes and proteins. Therefore, one external protein identi-

fier (e.g. UniProt entry THRB_HUMAN) can be associ-

ated to one or more proteinIDs (e.g. 11483), which are in

turn linked to other external identifiers that are also used to

represent that protein (e.g., gene symbol ‘f2’ and Unigene

‘Hs.410092’). Consequently, along the different processes

involved in inputting/outputting PIANA, external identifiers

are ‘translated’ to proteinIDs, the desired operations are

performed, and finally, if needed, proteinIDs are returned

into the external identifier expected by the user (Figure 2).

This strategy reduces the ambiguity and processing prob-

lems to the minimum: there is no need for continuously trans-

lating between distinct types of protein identifiers, since all

information has been previously stored by assigning it to

specific proteinIDs. Furthermore, codifying interactions in

terms of proteinIDs allows PIANA to capture a larger num-

ber of interactions than platforms based on third party pro-

tein identifiers.

Figure 1: PIANA architecture

A set a parsers inserts information from external repositories into the PIANA database.

data warehousing approach and software architecture of

PIANA are shown in Figure 1 (see additional file X for

details). The PIANA database is accessed by the Graph

library through a database interface, which is also used by

the PIANA library to create, manage and analyze protein-

protein interaction networks. The whole process can be

controlled from a user interface module.

Uniprot

PIANA
Database

GenBank

HPRD

DIP

........

Database 
Interface

Graph Library

PIANA Library

User Interface

Parser

Parser
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Figure 2: PIANA use of proteinIDs as an interlingua between external identifiers.
PIANA keeps all information in terms of proteinIDs (an integer that uniquely identifies
a protein sequence of a given taxonomy). User inputs are immediately translated to
proteinIDs. Once this translation has been performed, all operations are performed at
the sequence level, reducing ambiguities and synonyms conversions to a minimum.

Moreover, PIANA uses a number of techniques to as-

sure the quality and completeness of the identifiers used as

input/output: 1) inferring correspondences between identifi-

ers and sequences even in the case that no external data-

base explicitly contained the cross-reference: if one data-

base identifies sequence A with identifier id1 and another

database uses identifier id2 to sequence A, PIANA infers

that id1 is equivalent to id2; 2) uniqueness of output protein

identifiers: if two proteinIDs are linked to the same external

identifier, those proteins are considered to be the same, and

hence, merged into a single network node; 3) avoiding gene

name ambiguities: thanks to integrating the species of the

protein into the internal identifier, gene names are not con-

founded even if the same symbol is used for several spe-

cies; and 4) using representative protein identifiers: (i)

PIANA will use the identifier labeled as ‘preferred’ by the

source database (eg. official gene symbol) unless the user

says the contrary; and (ii) any input identifiers given by the

user are prioritized over other identifiers in the PIANA da-

tabase.

Since PIANA works internally with identifiers linked to

the sequence of proteins (i.e. proteinID), the output identi-

fier that is used for proteins depends not only on the type of

identifier chosen by the user (e.g. UniProt) but also on the

specific results that are being outputted. The reason is that

one proteinID can be associated to several external identi-

fiers (i.e. one sequence is associated to three gene names)

and consequently, one of those external identifiers has to be

chosen above the others. The algorithm used to chose among

external identifiers depends on the input identifiers given by

the user (they are prioritized over other identifiers) and the

number of external databases that linked that sequence to

the identifiers. Therefore, one proteinID will not always be

represented in the output by the same external identifier.

Our internal protein identifiers do not distinguish between

identical paralogs. We believe this distinction is not needed,

since most repositories of interactions do not reach that level

of specificity. Finally, proteinIDs are not intended to be new

external protein identifiers, their only purpose is to be used

for integration. Therefore, the way the integration is per-

formed remains transparent to the user, whose only con-

cern is to decide on the type of identifiers for input and

output.

Protein Sequences Integration

Sequence and taxonomy data was obtained from Uniprot

Swissprot and Trembl (The Uniprot Consortium, 2007),

NCBI GenBank (Benson et al., 2007) and NCBI Blast nr

(Maglott et al., 2007) databases (see additional file 2 for the

complete list of protein sequence repositories used). Unex-

pectedly, UniProt Swiss-Prot (i.e. curated sequences) and

UniProt TrEMBL (i.e. predicted sequences) have a signifi-

cant overlap (additional file 3). Moreover, the overlap be-

tween TrEMBL and GenBank is lower than anticipated.

Cross-references between external identifiers and

User input
protein list List

proteinPianas

mot1

p48

ub

p53

Map
expression dataPPI network

PIANA

THRB_HUMAN
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     p53
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proteinIDs were obtained from multiple third-party reposi-

tories (see additional file 2). Table 1 shows the coverage

provided by the main protein external identifiers for all

proteinIDs (i.e. pair [protein sequence, taxonomy]) in the

PIANA database.

MProtein-Protein Interactions Integration

Each interaction described in a third-party database is

‘translated’ to one or more interactions between proteinIDs.

For example, if the external database contains an interac-

tion between proteins A and B, with A corresponding to two

proteinIDs (e.g 1 and 2) and B to one proteinID (e.g. 3),

two interactions (1-3 and 2-3) will be inserted into the

PIANA database. Both interactions will be described in the

PIANA database as coming from that specific external

database and labeled with the method used to detect the

interaction between A and B. For example, HPRD describes

an interaction between Entrez Gene 217 (mitochondrial

ALDH) and Entrez Gene 3336 (heat shock protein). Ac-

cording to the correspondences in the PIANA database,

Entrez Gene 217 corresponds to 13 different proteinIDs,

and Entrez Gene 3336 corresponds to 12 proteinIDs. There-

fore, PIANA will internally store the interaction between

those two proteins as 156 different interactions. This meth-

odology allows PIANA to give full control to the user: 1)

interactions can be retrieved from any type of identifier; 2)

a network can be created for a given external database

(e.g. use only interactions from IntAct) and/or a specific

method (e.g. do not use interactions detected in two hybrids

assays) and/or a species (e.g. only interested in human in-

teractions); 3) PIANA outputs can be set to use any type of

protein identifier and therefore, interactions between

proteinIDs are transformed to non-redundant interactions

between protein identifiers (Methods). Consequently, de-

scribing interactions in terms of protein sequences instead

of external identifiers provides a true integration of all known

interactions into a single network, while keeping record of

the source databases and detection methods associated with

the interaction. Currently, PIANA can integrate interactions

from DIP (Salwinski et al., 2004), MIPS (Pagel et al., 2005),

MINT (Chatr-aryamontri et al., 2007), IntAct (Kerrien et

al., 2007), BIND (Alfarano et al., 2005), BioGrid (Stark et

al., 2006), HPRD (Peri et al., 2003), STRING (von Mering

et al., 2007), interactions predicted by distant conservation

of sequence patterns and structure relationships (Espadaler

et al., 2005b),  interactions transferred between proteins

based on orthology (Yu et al., 2004) and, in general, any

interaction data that is in tabulated or PSI-MI (Hermjakob,

2006) formats. See additional file 2 for the detailed descrip-

tion of interaction repositories that have been used in this

work. Furthermore, data does not to have to be integrated

indiscriminately without differentiating high-throughput ver-

sus small-scale experiments and literature annotation. There-

fore, PIANA allows users to define subsets of interactions

based on the source repository and detection methods em-

ployed. For example, a subset of reliable interactions can

be extracted by requiring them to be in at least two differ-

ent repositories.

Experimental Interactions

The integrated set of experimental interactions consisted

of 4,055,698 interactions between 113,785 different

proteinIDs. When grouping proteinIDs by their associated

NCBI geneID (Methods), there were 405,808 interactions

for 53,143 proteins, an average of 7.63 interactions per pro-

tein.

Interactions Distribution

The experimental interactions in the PIANA integrated

database have been obtained from 7 different repositories,

belong to 736 different species, and were detected using

106 different experimental methods. As shown on Table 2,

the species with the largest number of experimental inter-

actions are yeast (111,535 interactions) and human (110,457

interactions). Most interactions were found in just one da-

tabase and were detected by just one method (Figure 3).

The high correlation between the number of methods and

databases is explained by the fact that most interactions

appear in just one external repository, and these reposito-

ries usually label interactions with a single detection method.

We calculated the overlap between 7 repositories with ex-

perimental information in terms of interactions (Table 3A)

and proteins (Table 3B). BioGrid (Stark et al., 2006) is the

repository with the highest number of interactions (216,370)

and with the highest number of unique interactions (163,700).

The two repositories that show the greatest overlap are

MINT and IntAct (61% of interactions and 82% of pro-

teins in MINT are also in IntAct) while the lowest overlap

was between HPRD and DIP (only 4% of interactions and

9% of proteins in HPRD are also in DIP). Most low over-

laps in terms of interactions are explained by the low over-

lap in terms of proteins. Therefore, data integration is re-

quired in order to obtain an interaction network that covers

most proteins and interactions.

We were interested in analyzing the distribution of inter-

actions in terms of the detection method employed. We ex-

amined the overlaps between different detection methods

in terms of interactions (Table 4A) and proteins (Table 4B).

We observed that high-throughput methods account for most

of the known interactions (126,136 for affinity methods and

103,334 for yeast two hybrid assays). The overlap between

the interactions detected by the different methods is low,

even in cases where the overlap at the protein level is high.

For example, while 51% of proteins with interactions from

affinity methods also had interactions detected by yeast two-

hybrid methods, only 9% of interactions from yeast two-

hybrid were also detected by affinity methods. Therefore,

in order to maximize the number of known interactions for
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a protein, multiple experimental detection methods should

Table 2: Number of protein interactions per species. 
The number of interactions and proteins with at least one known
 interaction are shown for species with more than 2000 interactions.

Figure 3: Distribution of interactions in PIANA across different source data-
bases and detection methods.Most interactions were found in just one data-
base and were detected just by one method. Unspecific detection method
names were not taken into account (e.g., experimental, in-vitro, in-vivo).

be employed.

Species Number of 

interactions 

Number of 

proteins 

Saccharomyces cerevisiae 111535 6493 

Homo sapiens 110457 36900 

Drosophila melanogaster 90562 11605 

Escherichia coli 16097 3467 

Caenorhabditis elegans 9184 3959 

Mus musculus 4776 3495 

Plasmodium falciparum 3D7 2723 1279 

Other species 17021 9724 
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Table 3: Pairwise overlaps of protein interactions and proteins for seven interaction repositories.

 For each repository, cells show the overlap with other repositories in terms of (A) interactions
and (B) proteins. In parenthesis, the percentage that the overlap represents over the repository
from the pair with less interactions or proteins is shown. Unique interactions and proteins are those
only appearing in that repository. This table reflects the overlaps in the interaction network unified
by NCBI geneID identifiers.

Total Unique        

30998 6273 IntAct       

20794 2761 DIP 15297 

(74%) 
     

25993 2008 MINT 21415 

(82%) 

15611 

(75%) 
    

9461 783 HPRD 5445 

(58%) 

834 

(9%) 

783 

(8%) 
   

848 115 MIPS 532 

(63%) 

219 

(26%) 

550 

(65%) 

440 

(52%) 
  

21036 5337 BioGrid 11893 

(57%) 

7862 

(38%) 

11240 

(53%) 

7263 

(77%) 

439 

(52%) 
 

21011 4781 BIND 13849 

(66%) 

12567 

(60%) 

13580 

(65%) 

2507 

(27%) 

411 

(49%) 

8360 

(40%) 

   

Total 
IntAct 
30998 

DIP 
20794 

MINT 
25993 

HPRD 
9461 

MIPS 
848 

BioGrid 
21036 

 

B)

Total Unique        

104339 42284 IntAct       

97377 46115 DIP 36867 

(38%) 
     

77419 16392 MINT 47119 

(61%) 

37210 

(48%) 
    

38372 10978 HPRD 8729 

(23%) 

825 

(2%) 

8925 

(23%) 
   

833 389 MIPS 87 

(10%) 

34 

(4%) 

107 

(13%) 

312 

(38%) 
  

216370 163700 BioGrid 25355 

(22%) 

19870 

(20%) 

24709 

(32%) 

20550 

(54%) 

210 

(25% 
 

62444 24925 BIND 27269 

(44%) 

28143 

(45% 

26406 

(42%) 

2839 

(7%) 

121 

(15%) 

16187 

(26%) 

   

Total 

IntAct 
104339 

DIP 
97377 

MINT 
77419 

HPRD 
38372 

MIPS 
833 

BioGrid 
216370 
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Total        

20043 Affinity 
methods 

      

33246 yeast two-

hybrid 

10240 

(51%) 
     

5619 
Phenotypic 

3148 

(56%) 

4704 

(84%) 
    

5737 

 
3D structure 

1352 

(24%) 

989 

(17%) 

202 

(36%) 
   

907 Array 

technologies 

661 

(73%) 

807 

(89%) 

440 

(49%) 

57 

(6%) 
  

2004 
Dosage 

1732 

(86%) 

1861 

(93%) 

1749 

(87%) 

259 

(13%) 

259 

(29%) 
 

1083 
Cross Linking 

827 

(76%) 

392 

(36%) 

114 

(11%) 

210 

(19%) 

36 

(4%) 

83 

(8%) 

  

 

Total 

Affinity 
methods 

20043 

Yeast  
two-hybrid 

33246 

Phenotypic 
 

5619 

3D 
 

5737 

Array 
techs 
907 

Dosage 
 

2004 

 

B)

Table 4: Pairwise overlaps of protein interactions and proteins for seven detection methods.

For each detection method, cells show the overlap with other methods in terms of (A) interactions and
(B) proteins. In parenthesis, the percentage that the overlap represents over the method from the pair
with less interactions or proteins is shown. This table reflects the overlaps in the interaction network
unified by NCBI geneID identifiers.

Total       

126136 Affinity 
methods 

     

103334 Yeast 

two-hybrid 

9146 

(9%) 
     

72159 Phenotypic 
1574 

(2%) 

1155 

(2%) 
    

6525 3D structure 
746 

(11%) 

446 

(7%) 

36 

(1%) 
   

4627 Array 

technologies 

131 

(3%) 

130 

(3%) 

232 

(5%) 

3 

(0%) 
  

3914 Dosage 
784 

(20%) 

544 

(13%) 

1036 

(26%) 

24 

(1%) 

24 

(1%) 
 

3104 Cross 

Linking 

853 

(27%) 

244 

(8%) 

16 

(1%) 

218 

(7%) 

10 

(0%) 

21 

(1%) 

  

 

Total 
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72159 

3D 
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Properties of the Experimental Integrated Protein

Interaction Network

Well-documented observations about protein interaction

networks are confirmed when analyzing the integrated ex-

perimental interaction networks of different species. More-

over, the integrated network shows the modular functional

organization of the proteome reported by previous works

(Gavin et al., 2006). In particular, proteins tend to interact

with proteins of the same Gene Ontology (GO) (Harris et

al., 2004) biological process (Table 5). Furthermore, 95%

of the interacting proteins in the integrated network have

the same cellular component according to GO. In addition,

the following properties were observed for the yeast pro-

tein interaction network (Table 6): (i) yeast hubs (proteins

with 5 or more interactions) are more likely to be essential

(Giaever et al., 2002) than non-hubs (22% of hubs are es-

sential versus only 5% of non-hubs), although this might be

a reflection of hubs usually having multiple interfaces (Kim

et al., 2006); (ii) approximately 59% of the interactions have

the same cell localization according to (Lee et al., 2002);

(iii) approximately 60% of the interactions reported are found

coexpressed during the yeast cell cycle according to (Cho

et al., 1998).

Table 5: Commonalities in localization, molecular function and biological process
of experimentally detected interacting proteins.

This table shows the fraction of experimentally detected interacting proteins with
the following properties: a) co-localized according to GO cellular component
terms; b) same biological process according to GO biological process terms; and
c) same molecular function according to GO molecular function terms. An inter-
action was considered to respect the GO restriction if both interacting proteins
shared a GO term when retrieving GO parents up to level 3 (Harris et al., 2004).
In parenthesis, the percentage of interactions where both interacting proteins share
a GO term is shown. Interactions were used for the study only if both proteins
had at least one GO term assigned. Interactions where a protein interacts with
itself were discarded for this study.

 Number of 

interactions with 

GO information 

Number of 

interactions with 

common GO term 

a) Cellular Component 221213 209254 (95%) 

b) Biological Process 266245 227254 (85%) 

c) Molecular Function 270008 141323 (52%) 
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Interaction partners are 

 co-localized 
37684 out of 72661 (52%) 

Interaction partners are 

 co-expressed 
1524 out of 2576 (59%) 

Essential yeast hubs 930 out of 4229  (22%) 

Essential non yeast hubs 44 out of 886 (5%) 

Table 6: Properties of the yeast protein interaction network obtained by

integrating multiple sources with PIANA.

Yeast co-localization data was obtained from the work of Lee and co-

workers (Lee et al., 2002). Yeast co-expression data was obtained from

the work of Cho et al (Cho et al., 1998). Yeast essentiality data was

obtained from the work by Giaever et al (Giaever et al., 2002). A yeast

protein was considered a hub if it had 5 or more interaction partners. The

interactions and proteins were included in the study for those cases in

which information was available. Interactions where a protein interacts

with itself were discarded for this study.

Protein Function Prediction from the Experimental

Integrated Network

Recently, it has been shown that the number of common

interaction partners between two proteins can be used to

annotate proteins (Brun et al., 2003; Samanta et al., 2003).

We have studied the use of this heuristic to predict molecu-

lar functions and biological processes as defined by GO

(Harris et al., 2004), by calculating the percentage of shared

GO terms between proteins with common interaction part-

ners (Figure 4). As expected, we observe that the interac-

tions of a protein in the integrated network can be used to

predict its function and the biological processes in which it

intervenes. For example, proteins with 10-20 interaction

partners in common share 90% of their GO biological pro-

cess terms. Moreover, the accuracy of the predictions based

on the integrated network is similar to that obtained when

solely using the subset of interactions from DIP (Salwinski

et al., 2004),  while the number of annotated proteins is

much higher (additional file 4).

Predicted Interaction Networks

We were interested in assessing protein interaction pre-

dictions and evaluating the similarities between the predicted

interaction network and the experimental interaction net-

work. In particular, we studied 4 different types of predic-

tions (Methods): (i) Gene fusion events (Enright et al., 1999)

as predicted by STRING (von Mering et al., 2007); (ii) Phy-

logenetic profiles (Pellegrini et al., 1999) as predicted by

STRING (von Mering et al., 2007); (iii) Distant conserva-

tion of sequence patterns and structure relationships as de-

scribed by Espadeler et al. (Espadaler et al., 2005b); and

(iv) Structural interologs predicted by PIANA (Aragues et

al., 2006). We calculated the overlap between the different

experimental and prediction methods in terms of interac-

tions (Table 7A) and proteins (Table 7B), observing a high

overlap between prediction methods based on genomes

analyses (i.e. gene fusion events and phylogenetic profiles)

and a very low overlap between all other prediction meth-

ods. This minimal overlap between interaction predictions

is explained by the different types of input data used by

each method and the type of proteins for which the meth-

ods are capable of predicting interactions. For example, the

method based on structural interologs predicts interactions

for proteins with known 3D structure, while STRING pre-

dictions from gene fusion events were mainly applied to

prokaryotes. Most proteins with known 3D structure are

eukaryotes (Berman et al., 2000), and therefore, the two

methods rarely predict similar interactions. Moreover, there

is low overlap between predicted interactions and those

obtained by experimental high throughput methods, both in

terms of interactions and proteins. These results indicate

that different methods identify interactions for different pro-

teins. For example, there are many species for which no

yeast two-hybrid experiments have been carried out, while

many predictions can be ‘transferred’ to those species on

the basis of genomes analysis, resulting in a low overlap at

the interaction and protein level between the two methods.
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Figure 4. Function prediction based on common interaction partners in the integrated experi-

mental network.

The percentage of shared GO terms is plotted as a function of the number of common interaction

partners.

Total         

33859 Fusion        

610177 
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24805 

(73%) 
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patterns 

6 

(0%) 

66 
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interologs 

14 
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(0%) 

2375 

(2%) 
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12 

(0%) 

34 
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Total         

15075 Fusion        

84686 
Phylogenetic 

7369 

(49%) 
    

  

12539 Distant 

patterns 

116 

(1%) 

584 

(5%) 
   

  

22277 Structural 
interologs 

122 

(1%) 

494 

(2%) 

1164 

(9%) 
  

  

33246 Yeast two 

hybrid 

117 

(1%) 

251 

(1%) 

2864 

(23%) 

1663 

(7%) 
 

  

20043 Affinity 

methods 

196 

(1%) 

1546 

(8%) 

2923 

(23%) 

2466 

(12%) 

10240 

(51%) 

  

9026 In vitro 

literature 

8 

(0%) 

72 

(1%) 

1672 

(19%) 

1434 

(16%) 

5608 

(62%) 

4126 

(46%) 

 

7805 In vivo 
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3 

(0%) 

0 

(0%) 

1502 

(19%) 

1153 
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4929 

(63%) 

3560 

(46%) 

6606 

(85%) 
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Table 7: Pairwise overlaps of protein interactions and proteins for four interaction prediction methods,

two types of high-throughput methods (yeast two hybrid assays and affinity purification methods), and

curated data (invitro and invivo).

For each method, cells show the overlap with other methods in terms of (A) interactions and (B) proteins.

In parenthesis, the percentage that the overlap represents over the method from the pair with less interac-

tions or proteins is shown. This table reflects the overlaps in the interaction network unified by NCBI

geneID identifiers.

We evaluated whether interacting proteins according to

different prediction methods tended to share biological pro-

cess, molecular function and cellular component according

to GO (Table 8). We observed that the method that better

captures functional relationships between proteins is the one

based on gene fusion events (Methods): 85% of the pre-

dicted interacting pairs belong to the same biological pro-

cess. Moreover, all prediction methods detected a sensible

number of colocalized proteins. For example, 87% of inter-

acting proteins according to the prediction method based on

structural interologs had the same cellular location.

Discussion

We presented the data integration approach of PIANA,

a software framework designed for creating, managing and

analyzing protein-protein interaction networks. PIANA was

created to address nomenclature and integration issues com-

mon in protein interaction repositories and network visual-

ization tools. Moreover, the modular approach of PIANA

makes it a useful resource for bioinformaticians wishing to

avoid the low-level details related to working with protein

interaction networks.

Many areas of biological research are hampered by the

difficulties found in accessing all biological information avail-

able. In particular, protein-protein interactions analysis is

usually biased by the input sources of data. PIANA is one

of the very few protein interaction platforms where all in-

teractions from all external databases can be found for a

protein of interest, regardless of the type of identifier used

as input or the name given to the protein by the researcher

that submitted the interactions. We presented a detailed

analysis of the protein-protein interactions in the integrated

network, in terms of their distribution across different data-

bases and detection methods. We showed that most inter-

actions appear in just one database and the overlap in terms

of interactions is below 50% between most repositories,

reinforcing the need for tools that unify all known interac-

tions into a single network. Moreover, this integrated net-

work has been shown to agree with properties previously

reported about protein-protein interaction networks retrieved

from just one database/detection method, such as its capa-

bility of predicting the function of proteins. Besides, the over-

lap between different experimental and prediction methods

for protein-protein interaction identification was low, both in

terms of interactions and proteins for which at least one

interaction has been described. Despite this low overlap,

interaction prediction approaches such as those based on

gene fusion events and structural interologs were success-

ful at identifying pairs of proteins within the same GO bio-

logical process. However, more in-depth studies are under-

taken to evaluate the ability of annotating proteins based on

interaction predictions (Espadaler et al., 2008).
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Number of 

interactions with 

GO information 

Number of 

interactions with 

common GO term 

Cellular Component 5883 5807 (99%) 

Biological Process 24754 20998 (85%) Gene fusion 

Molecular Function 27725 10669 (39%) 

Cellular Component 92092 90458 (98%) 

Biological Process 258368 182418 (71%) 
Phylogenetic 

profiles 
Molecular Function 302512 93023 (31%) 

Cellular Component 89797 61607 (69%) 

Biological Process 105904 70322 (66%) 
Distant 

conservation 
Molecular Function 113024 55371 (49%) 

Cellular Component 236094 205034 (87%) 

Biological Process 420996 340751 (81%) 
Structural 

interologs 
Molecular Function 434449 248239 (57%) 

 

Our analysis of protein interaction data in the public do-

main is similar to the studies of Herzel et al. (Futschik et al.,

2007) and Pandey and coworkers (Mathivanan et al., 2006).

However, our study includes protein interactions for all spe-

cies, as well as predicted interactions from diverse meth-

ods. Moreover, we have analyzed the overlap between di-

verse experimental and prediction methods. The main con-

clusions from the studies in (Futschik et al., 2007) and

(Mathivanan et al., 2006) are confirmed for interactions for

organisms other than human. However, we found a higher

overlap between the different interaction repositories, prob-

ably due to recent efforts in data exchange. Moreover, the

total number of interactions in the experimental human inte-

grated network is 110,457, compared to the 154,000-369,000

interactions estimated by Marcotte and coworkers (Hart et

al., 2006).

PIANA's approach to data integration is a good equilib-

rium between reliability and flexibility, while giving a good

coverage of the information available. Two potential im-

provements to the current integration approach are: (i) the

implementation of more sophisticated gene name disambigu-

ation (Schijvenaars et al., 2005; Xu et al., 2007); and (ii) the

capability of detecting highly similar protein sequences (e.g.

via sequence alignments) and thus, transferring interactions

and identifiers between similar proteins. The data integra-

tion techniques described here could also be of help for ar-

eas other than protein-protein interactions, such as gene

expression studies or regulatory networks.

Table 8: Commonalities in localization, molecular function and biological process of predicted

interacting proteins.

This table shows the fraction of predicted interacting proteins with the following properties: co-

localized according to GO cellular component terms; same biological process according to GO

biological process terms; and same molecular function according to GO molecular function terms.

An interaction was considered to respect the GO restriction if both proteins shared a GO term

when retrieving GO parents up to level 3. Interactions were used for the study only if both

proteins had at least one GO term assigned. Interactions where a protein interacts with itself

were discarded from this study.

Conclusions

Our approach to data integration is based on using the
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Additional file 1. The relational database design of the PIANA database.

Information is kept in four types of tables: 1) biological entity tables (protein and interaction);

2) biological entity identifiers (UniProt entry, gene names, …); 3) biological entity information

(protein features tables and interaction properties). All information is linked to the internal

identifier of PIANA: proteinID (an index to all pairs [sequence, tax_id]).
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Bertin N, Chung S, Vidal M, Gerstein M (2004)  Anno-

tation transfer between genomes: protein-protein

interologs and protein-DNA regulogs. Genome Res 14:

1107-1118.
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Additional file 2. Repositories used for generating the PIANA database used in this

work.

For each external repository used to populate the PIANA database, the version and the

file used are shown.

Database Name

Sequence and cross-reference databases

Cross-reference databases

Interaction databases

Version of the
database File used in the parsing

NCBI taxonomy      Apr 03 2007                       names.dmp

Uniprot Swissprot    Apr 03 2007                       uniprot_sprot_rg_rx_OH_deleted.dat 
Uniprot Trembl         Apr 03 2007                       uniprot_trembl_rg_rx_OH_deleted.dat 
NCBI GenBank       Release 158 - April 2007   rel 158.fsa_aa
NCBI Blast nr          April 2007                          nr

ncbi2pdb_pdbaa     Apr 09 2007                      pdbaa
ncbi2sprot               Apr 09 2007                       swissprot  
pdbsprotec              15-Jan-2007                      mapping.txt
gene2accession      April 19 2007                     gene2accession
gene_info                Apr 19 2007                      gene_info
refseq                     Release 22                        RefSeq-release22.catalog

string                       6.3                                     MySQL database stringDB_v6_3_limited 
mint                        2007-04-05                        2007-04-05-ful.mitab25.txt
intact                       23 april 2007                     intact.txt
biogrid                     2.0.26                                BIOGRID-ALL-SINGLEFILE-2.0.26.tab.txt 
bind                        April 2007                          temporal_mysql_database
HPRD                     Release_6_01012007       HPRD_Release_6_01012007.txt 
mips                        March 2007                       temporal_mysql_database
dip                           19.2.2007                          mif
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Additional file 3. Overlaps between repositories of protein sequences.

The overlap between UniProt Swiss-Prot, UniProt TrEMBL, and NCBI genpept is shown. The

percentage over the total number of sequences in PIANA is shown in parenthesis. Two sequences

must be identical in order to be considered a positive overlap. A table with overlaps between the

NCBI non-redundant database (nr) and the three other databases is also provided.
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Additional file 4. Function prediction based on common interaction partners in the

interaction network from the Database of Interacting Proteins.

The percentage of shared GO terms is shown for each number of common interaction

partners range (Figure 4A). We observed that the accuracy when using a partial subset of

interactions is similar to that obtained by using the integrated network of interactions. How-

ever, the coverage provided by the partial set of interactions is much lower (Figure 4B).
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