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Abstract 

Identification of protein interaction networks has received considerable attention in 

the post-genomic era. The currently available biochemical approaches used to detect 

protein-protein interactions (PPIs) are all time and labor intensive. Consequently 

there is a growing need for the development of computational tools that are capable 

of effectively identifying such interactions. 

In this thesis we explain the development and implementation of a novel Protein-

Protein Interaction Prediction Engine termed PIPE. This tool is capable of predicting 

protein-protein interactions for any target protein pair of the yeast Saccharomyces 

cerevisiae from their primary structure and without the need for any additional in

formation or predictions about the proteins. PIPE showed a sensitivity of 61% for 

detecting any yeast protein interaction with 89% specificity and an overall accuracy 

of 75%. PIPE was used to identify novel interactions and a novel yeast complex 

confirmed by tandem affinity purification (TAP tag). 

We also report an improved version, PIPE2, which exhibits a specificity of ap

proximately 99.95% and executes 16,000 times faster than the original method. Im

portantly, we report an all-to-all sequence-based computational screen of PPIs in 

yeast in which we identify 29,589 high confidence interactions out of approximately 2 

x 107 possible pairs. Furthermore, a novel putative protein complex was discovered, 

comprised largely of membrane proteins not amenable to TAP tagging. 

The third iteration of the PIPE algorithm (PIPE3) has been adapted and tested 

to predict interactions in several organisms including H. sapiens and involving several 

viruses. A computational genome-wide scan of S. pombe revealed over 9,000 PPIs, 

triple what was available using traditional methods. The novel PPIs in S. pombe were 

used to identify two new complexes which have been studied in more detail. PIPE3 

has also been shown to be able to make cross-organism predictions: predicting PPIs 

in one organism using PPI knowledge of one or more other organisms. These tests 

suggest that PIPE3 can be a good predictor for newly sequenced organisms or for 

those which have very few known PPIs. 
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Chapter 1 

Introduction 

1.1 Introduction 

Proteins carry out the majority of the biological processes in cells. Most often, pro

teins accomplish this task in association with protein partners, forming stable or 

transient protein complexes. It is therefore generally accepted that protein-protein 

interactions are responsible for the cell's behavior and its responses to various stimuli 

[10, 88, 109]. Further, the completion of higher eukaryotic genome projects have led 

to the understanding that the biological complexity underlying higher organisms is 

not accomplished by increasing the number of genes [1, 63, 132]. It is now thought 

that this complexity stems from an elevated pattern of protein-protein interactions 

in higher organisms [22, 103]. As a consequence, charting protein-protein interac

tion maps remains a major goal in biological research. A large part of post-genomic 

research has focused on the analysis of protein-protein interactions. Measurement, 

prediction and analysis of interactions between proteins have been extensively used to 

identify proteins that are functionally related. As a consequence, analysis of protein 

interaction networks has become a powerful tool to assign putative functions to pre

viously ill-characterized proteins [10, 109]. In this context, the yeast Saccharomyces 

cerevisiae has emerged as the model organism for studying functional proteomics. In 

the past, protein interaction analysis has been used to assign putative functions to 

different yeast proteins [59, 135]. 

Protein-protein interactions can be most readily identified by protein affinity chro

matography or pull-down experiments, yeast two-hybrid screens (Y2H), or purifying 

protein complexes that have been tagged in vivo. These methods are all labour and 

time consuming and have a high cost associated with them. Each of them has inher

ent advantages and disadvantages. The yeast two-hybrid system has the advantage 

of identifying the direct interaction between protein pairs [51, 80]. However, the data 

1 
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gathered from this method has a high rate of false positives (as much as 40%) and 

in the absence of other lines of evidence, this data alone may not be considered as 

biologically significant [28, 29, 114]. Affinity purification methods such as the in vivo 

double-tagging of protein complexes followed by purification steps using affinity chro

matography, also known as tandem affinity purification (TAP tag), has the advantage 

of identifying complexes that really exist in vivo (as long as the tagged protein is not 

overproduced) [99, 101]. However, all affinity purification methods suffer from limi

tations [28, 29, 35]. First, the addition of a tag, large or small, to the protein may 

change its properties, causing changes in complex stability or composition. Second, 

all purification methods suffer from the copurification of "contaminating" proteins. It 

is often difficult to conclude whether these "contaminants" represent true endogenous 

partners or artificial associations induced by cell disruption. Third, during affinity 

purifications proteins are isolated as complexes and therefore the direct interactions 

between protein pairs are not readily distinguished from the indirect (via intermedi

ates) ones. The high cost, as well as the technical limitations associated with such 

biochemical approaches has resulted in a growing need for the development of com

putational tools that are capable of identifying protein-protein interactions. 

1.2 Motivation 

The high cost, as well as the technical limitations associated with traditional bio

chemical approaches, has yielded a growing need for the development of computa

tional tools that are capable of identifying protein-protein interactions. As a result, 

there have been a number of such tools developed over the past few years. Some of 

these tools are based on previously identified domains [44, 56, 117], some use similar

ities and sequence conservation between interacting proteins [32, 50], others use the 

structural information of proteins [4, 5, 85]. The primary structure of the proteins 

has also been used to detect protein-protein interactions. Using a vector based learn

ing machine it has been shown that the primary sequence of amino acids alone may 

successfully be used to detect protein-protein interactions [16, 77]. A disadvantage of 

the protein-protein interaction detection tools is that they often have limited abilities 

to detect novel interactions and to differentiate them from false positives. A high rate 
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of false negatives is another disadvantage associated with some of these tools. 

1.3 Statement of the Problem 

Due to the drawbacks of traditional methods there is the need for accurate computa

tional prediction of protein-protein interactions using currently available information. 

Some methods use protein structure information or are based on a set of previously 

detected domains but that information is far from complete for any organism. How

ever, for most organisms of interest, the complete sequenced genome and therefore the 

primary structure (sequence) for every protein are available. For yeast in particular, 

there exists multiple databases of tested and predicted interactions. Consequently 

a method which uses the sequence information only as input and which uses the 

available interactions already discovered by traditional methods to make accurate 

predictions would be of great interest. 

1.4 Contributions 

This thesis presents a new algorithm for protein-protein interaction prediction based 

on the re-occurring short polypeptide sequences between known interacting protein 

pairs called PIPE: Protein-protein Interaction Prediction Engine [94]. This algo

rithm makes it possible to detect protein-protein interactions in S. cerevisiae using 

only sequence information (primary structure) as opposed to methods that rely on 

physical structure or known motifs or domains. Also this computational method is 

not restricted to the limitations of in vivo testing (i.e. some proteins cannot be tested 

successfully in vivo). It has been used to predict novel interactions and a novel process 

for which the internal structure has been confirmed by tandem affinity purification 

(TAP tag). A PIPE portal is available at http://cgmlab.carleton.ca/PIPE/. 

An improved version of the algorithm called PIPE2 is also presented [95]. PIPE2 

brings drastic speed improvement over PIPE along with higher specificity at the ex

pense of lower sensitivity. The increased speedup of the algorithm is due to optimized 

window comparisons, pre-computation and query approach. A modified version of the 

http://cgmlab.carleton.ca/PIPE/
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median filter is used on the results to improve the specificity which decreases the ex

pected number of false positives significantly. However the filter has the negative, 

but expected, side—effect of reducing the sensitivity. With the increased speed it was 

possible to do a genome-wide scan of the S. cerevisiae genome by running all possible 

protein pairs (sa 20 million pairs). The PIPE2 interaction result list is larger than 

recent large-scale experiments using traditional methods. A PIPE2 portal is available 

at http://pipe.cgmlab.org/ along with executable binaries and our complete dataset. 

Finally, the latest version of the algorithm named PIPE3 demonstrates how the 

PIPE algorithm can be applied to other organisms such as C. elegans, S. pombe, 

E. coli but most importantly H. sapiens (human). This expanded version is shown to 

successfully predict PPIs in other organisms but is also shown to be able to predict 

PPIs in organisms using other organisms as sources of information. The important 

implication of this feature is the ability to predict PPIs in new or unstudied organisms 

even given the lack of known interactions. PIPE3 has been used to run a genome-wide 

scan of the S. pombe organism as well as new PPI predictions in H. sapiens, Hepatitis 

C, Influenza A, HIV-1 and HIV-2. It is demonstrated to be a good predictor for 

newly sequenced organisms or for those which have very few known PPIs due to the 

fact PIPE3 can make predictions using a collection of PPIs from multiple organisms. 

A PIPE3 portal is available at http://cgmlab.carleton.ca/PIPE3/. 

1.5 Overview of Results 

The original PIPE has been able to predict protein-protein interactions in S. cere

visiae with an estimated sensitivity of 61% and specificity of 89%. It was successful 

in predicting a novel interaction between proteins YGL227W-YMR135C which was 

subsequently verified by TAP-tagging. PIPE has also been demonstrated to detect 

the sites of interactions for a known interaction. From a small pool of 10 inter

acting pairs, PIPE was able to detect the correct site of interaction in 4 of them. 

This method was used to detect a novel protein complex termed vid30c (YIL017C, 

YMR135C, YDL176W, YIL097W, YBR105C and YDR255C) but more importantly 

it was able to show the internal structure of this complex. The predicted interactions 

within the complex were also confirmed experimentally by TAP-tagging. The PIPE 

http://pipe.cgmlab.org/
http://cgmlab.carleton.ca/PIPE3/
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algorithm has recently been independently reviewed and compared favorably against 

other similar sequence-based methods [89]. 

PIPE2 is an improvement in both speed and specificity of the PIPE algorithm. 

Combining the optimized window comparisons, pre-computation and query approach 

a speedup of more than 16,000 times compared to the original algorithm is achieved. 

The increased specificity obtained by the modified median filter is estimated at 99.95% 

(compared to 89% for the original PIPE). PIPE2 was used to scan the entire S. cere-

visiae genome (s=s 6,400 proteins) which includes RS 20 million possible protein pairs. 

This experiment produced a list of 29,589 predicted interactions of which nearly half 

(14,438 or 48.8%) are not found in any other database (novel interactions). This 

predicted list is larger than other recent large-scale experiments using traditional 

methods (Gavin et al. [36], Krogan et al. [61]) as well as other comparable computa

tional methods (Betel et al. [15], Wang et al. [131]). A sample of these predictions 

were validated by hand and 66% were supported by at least one line of evidence 

(function or 3 r d party interaction). 

A novel complex was discovered within the PIPE2 novel interactions list which 

consists of 8 proteins: YGL051W, YAR027W, YAR028W, YCR007C, YAR033W, 

YOR307C, YLR065C and YKL174. According to the study of the members of this 

complex it is likely to be a real complex in the S. ceverisiae organism. The predicted 

PIPE2 interactions were compared to other large scale traditional and computational 

experiments to illustrate the overlap between various methods. Also the PIPE2 in

teractions along with other traditional large-scale results were grouped according to 

GO Slim locations. Our method is shown to predict significantly more membrane 

interactions than the previous traditional methods. 

The latest version of PIPE, called PIPE3, has been extended to predict PPIs in 

many other organisms such as C. elegans, S. pombe, E.coli and H. sapiens. The 

sensitivity/specificity of PIPE3 is evaluated and measured in each organism in order 

gauge PIPE's accuracy. Hundreds of novel human PPIs are predicted and analyzed, 

predictions have been experimentally verified and confirmed, PPIs between human 

proteins and viral pathogen proteins are identified, the potential interaction sites of 

proteins are determined, and an all-to-all PPI interaction map for S. pombe ( 9,000 
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PPIs) was predicted. 

Using predicted novel PPIs from PIPE3 two novel protein complexes were iden

tified in S. pombe. One of them is a five member complex with SPBC1289.13c, a 

putative galactosyltransferase as a core protein that interacts with four other pro

teins, some of which interact with each other. The second complex consists of 8 

members, with 5 proteins forming the core, and 3 additional proteins that interact 

with the core proteins but not with each other. Five of these proteins (SPBC1703.10, 

SPAC4C5.02c, SPAC6F6.15, SPAC9E9.07C and SPAC18G6.03) have been linked to 

protein transport and vesicular trafficking. 

1.6 Organization of Thesis 

First we will present protein-protein interaction basics and background in Chapter 2 -

Background. We will then review traditional methods for protein-protein interactions 

as well as survey previous computational methods that are available in Chapter 3 -

Literature Review. Next we will introduce the protein-protein interaction engine 

(or PIPE) used to detect novel interactions in yeast in Chapter 4 - PIPE: Protein-

protein Interaction Prediction Engine. The following chapter, Chapter 5 - PIPE2: 

Improving PIPE, will offer an improved version of the PIPE algorithm called PIPE2 

which increases the accuracy and decreases the runtime significantly which allows 

us to run the entire yeast genome to produce a complete interaction map for this 

organism. In Chapter 6 - PIPES: Predictions in Other Organisms will discuss the 

most recent version of PIPE adapted to run on several other organisms. The results of 

these experiments will be explained and some of them will be experimentally verified 

to confirm our findings. We will also show the web-portals of all three PIPE versions 

as well as their settings in Chapter 7 - PIPE Web-Portal. Finally in Chapter 8 -

Conclusion we will offer a summary of the results, our closing remarks as well as 

future work. 
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1.7 S u m m a r y 

We have defined the protein-protein interaction problem and discussed why we need 

to solve it, as well as an overview of the contributions and results. Let us now present 

some detailed background information on protein-protein interactions. 



Chapter 2 

Background 

2.1 Sensitivity and Specificity 

Throughout this thesis we will refer to measures of quality for experimental and com

putational protein-protein interactions. These measures, sensitivity and specificity, 

are explained here so that the reader can understand the discussions that follow. 

Sensitivity is calculated as: 
TP 

TP + FN 

Specificity as: 
TN 

TN + FP 

and accuracy as: 
TP + TN 

TP + FN + FP + TN 

expressed in percentage (%) where TP is the number of true positive, FN the number 

of false negatives, TN the number of true negatives, and FP the number of false 

positives. In simplified terms, sensitivity measures the capability of a method to 

detect true positives as positives and specificity measures the capability of a method 

to detect true negatives as negatives. Ideally, one would want both of these numbers 

to be as high as possible. 

2.2 Introduction 

Proteins are key biomolecules that often realize their functions by interacting with one 

another. Protein-protein interactions (PPIs) mediate various aspects in the structural 

and functional organization of a cell including multi-faceted responses to internal 

8 
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and external stimuli. Protein interaction networks have also been shown to possess 

topological and dynamic properties that may be essential for certain biological events 

[44, 53]. Thus, elucidating the complete network of PPIs is expected to garner a 

greater understanding of the biology of the cell. 

The sequencing of the budding yeast Saccharomyces cerevisiae over a decade ago 

[39] has led to its emergence as the model organism of choice for large-scale func

tional genomics experiments including expression profiling [38] and identification of 

PPI networks (interactomes) using yeast-two hybrid screens [51, 127]. The early PPI 

investigations had little overlap and neither of them detected more than 13% of the 

published interactions detected through conventional analyses [47]. Recent investiga

tions using the Tandem Affinity Purification (TAP) followed by mass spectrometry 

have generated higher confidence yeast protein interactomes [61, 119]. This approach 

does not require protein over-expression and is expected to yield the interactions that 

really exist in vivo [35]. 

However, the lack of significant overlap between the data collected in different 

genome-wide TAP tag experiments and those collected using yeast two-hybrid [29] 

together with the experimental limitations associated with each of these techniques 

suggests that the interaction networks are far from being saturated [46, 49]. Conse

quently, there is a growing need for the development of new and improved experi

mental and computational approaches to better uncover the yeast interactome. 

Recently, we [94] as well as others [65] reported that PPIs could be successfully 

detected from short polypeptide sequences within proteins. Our approach that we 

termed Protein-protein Interaction Prediction Engine, PIPE, is based on re-occuring 

short polypeptide sequences observed in a database of known interacting protein 

pairs. With a sensitivity of 61%, specificity of 89%, we demonstrated how PIPE 

can predict novel and existing PPIs for any target pair of yeast proteins from their 

primary structure alone, regardless of their physical or biological properties. The use 

of protein sequence alone was an improvement over traditional approaches which are 

often restricted by the properties of certain proteins. For example, it is often difficult 

to investigate membrane proteins using experimental approaches. 

Previous genome-wide analyses of PPIs have predominantly relied on Y2H and 
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TAP tag methodologies. These techniques are both time and labor intensive and they 

both have high rates of false positives and false negatives results associated with them 

(« 40% false positive rate for Y2H [114] and 15-50% false positive rate for TAP tag 

[29]). For example, like all affinity purification methods, TAP tag suffers from co-

purification of contaminants. Additionally, it is often difficult to differentiate between 

direct and indirect (i.e. via a third partner) interactions using TAP tag. Another 

common limitation for these techniques is that they cannot be applied to all proteins 

without discrimination. In TAP tag, the double tag fusion to the target protein may 

interfere with the formation of some complexes or cause a mutant phenotype [35, 133]. 

In Y2H, not all proteins can be safely over-expressed and not all proteins can find 

their way into the nucleus which is required for the successful detection via Y2H [58]. 

The goal of PIPE is to complement previous genome-wide experimental analyses of 

PPIs, leading to a more complete PPI map. 

2.3 Protein—Protein Interactions 

An overwhelming number of biological processes are mediated through the action of 

proteins. In many cases, these proteins carry out their functions by interacting with 

each other in either stable or transient protein complexes. The nature and increasing 

complexity of these interactions is thought to be responsible for the overall biological 

complexity in higher organisms. Therefore, it is believed that humans, for example, 

are more sophisticated than the nematode C. elegans, not only because we possess 

marginally greater number of genes, but largely because human proteins form more 

intricate networks [3, 22]. Recent advances in the field of genomics and proteomics 

have led to the discovery and characterization of some of these networks [63, 128]. 

An organism may have numerous interactomes representing different tissue types, 

biological states, etc. The complete elucidation of all interaction networks found 

in an organism will have significant implications for science [97]. For example, the 

cellular roles and molecular functions for previously ill-characterized proteins may 

be inferred from the networks of interactions that they participate in. Moreover, the 

conservation of protein interactomes across organisms will also provide insight into 

their evolutionary relationships. 
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Practically, knowledge of interaction networks will provide insight into their de

pendencies and lead to enhanced approaches for drug discovery. For these reasons, 

the elucidation of protein-protein interactions (PPIs), especially within the context 

of an interaction network, is an important goal in biological research [34, 105]. Until 

recently, PPIs were determined by carrying out experiments that were specifically 

designed to identify a small number of specifically targeted interactions. However, 

the development of novel genomic techniques allows for high-throughput experiments, 

which can now be carried out to exhaustively probe all possible interactions within an 

entire genome. S. cerevisiae, also known as Baker's yeast, has emerged as the model 

organism of choice for functional proteomics due to the elucidation of its genomic se

quence in 1996 [39]. Since then, whole PPI maps have been determined using various 

methods including yeast two-hybrid [51, 127], affinity purification/mass spectromet-

ric identification methods such as TAP-tagging [48, 72], and protein chips [122, 142]. 

Indirect large-scale approaches such as synthetic lethal analysis [122] and correlated 

mRNA expression profile [37] have also been used to investigate PPIs. 

However, these methods are not without shortcomings. Not only are they labor-

and time-intensive, they also have a high cost associated with them. Another im

portant disadvantage is the poor accuracy of the high-throughput data generated. 

Significant discrepancies between results of small-scale high-confidence experiments 

and high-throughput studies have been reported [4, 34]. Interstudy discrepancy is 

even higher when comparing data generated from different large-scale studies [4, 34]. 

In addition, the PPI data obtained from biological experiments often include many 

false positives, which may connect proteins that are not necessarily related and should 

be confirmed by other methods. Consequently, there is a growing need for the devel

opment of computational tools that are capable of effectively identifying PPIs as well 

as interpreting and validating the experimentally derived data. 

2.4 Summary 

Now that we have introduced some background information on protein-protein inter

actions, we will present a literature review which will describe in details the traditional 

and computation methods of detecting protein-protein interactions. 



Chapter 3 

Literature review 

The book chapter published by Pitre et al. [93] is the basis for this chapter. 

3.1 Introduction 

A wide range of computational methods have been developed to build, study, and ex

ploit protein interactomes (reviewed in [4, 34, 62, 69, 93, 113, 115, 139]). First, com

putational methods have been developed to construct interaction databases within 

which experimentally determined data is collected and annotated. Automated data 

mining techniques can then be applied to extract relevant information about poten

tial interactions from the vast amount of PPI information in these databases. As 

mentioned earlier, a number of experimental techniques have been used to determine 

large-scale protein interaction maps. Although the significant inconsistencies be

tween interaction maps of the same organism obtained using different techniques can 

be somewhat justified [34], computational methods have been successfully applied to 

assess, validate, and carefully scrutinize these experimentally determined protein in

teractomes. Based on the assumption that physically interacting proteins have a high 

probability of also being functionally related, a number of computational tools have 

been developed to exploit protein interaction networks in order to predict functional 

features of the proteins. Lastly, computational methods can also be used to predict 

novel PPIs by learning from known interactions [4, 34, 62, 69, 93, 113, 115, 139]. 

It is the objective of this chapter to provide an overview of these computational 

methods, with the main focus being on computational tools for the prediction of novel 

interactions. We also highlight the specific limitations for each of the tools discussed, 

as well as the systematic shortcomings common to most computational tools. For 

comparison, the advantages and limitations of traditional "wet lab" experimental 

approaches are also summarized. Finally, due to the large number and frequency of 

12 
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new PPI methods released, it is impossible to include all tools relevant to the study 

of PPIs and the author apologize in advance to all those researchers whose work has 

not been cited here. While not every method in existence is listed in this chapter, any 

approach should place most other methods in one (or more) of the listed categories. 

3.2 Traditional PPI Prediction Methods 

Traditional PPI prediction methods are those done in vivo in a wet lab. While there 

are several methods to detect PPI in vivo we will direct our attention to two of the 

most popular: Yeast-Two Hybrid (Y2H) and Tandem Affinity Purification (TAP). 

3.2.1 Yeast-Two Hybrid (Y2H) 

The yeast two-hybrid (Y2H) method was one of the first methods to be applied to 

the detection of PPIs. Two protein domains are required in the Y2H assay that 

have specific functions: (i) a DNA binding domain (DBD) that helps bind to DNA, 

and (ii) an activation domain (AD) responsible for activating transcription of DNA. 

Both domains are required for the transcription of a reporter gene [51]. The Y2H 

assay relies on the fusion of DBD to a protein of interest (X) at its N-terminus and 

the fusion of AD to another protein of interest (Y) at the C-terminus, which forms 

DBD-X (bait) and AD-Y (prey). If the bait and prey hybrids interact with each 

other, the transcription of the reporter gene will be induced and, in this way, the 

interaction can be detected [33]. Y2H analysis allows the direct recognition of PPI 

between protein pairs. However, a large number of false positive interactions may 

arise, while a number of true interactions will be missed (i.e., false negatives). A false 

positive interaction can occur by activation of RNA polymerase by a bait protein, 

by the binding of the prey AD-Y protein with upstream activating sequences (UAS), 

by non-specific binding of bait and prey proteins with some endogenous proteins, 

or by the binding of "sticky" prey proteins with bait proteins [120]. On the other 

hand, many true interactions may not be detected using Y2H assay, leading to false 

negative results. In a Y2H assay, the interacting proteins must be localized to the 

nucleus; since membrane proteins are typically less likely to be present in the nucleus 

they are unavailable to activate reporter genes, and hence are excluded. Proteins 
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that require post-translational modifications to carry out functions are also unlikely 

to behave or interact normally in a Y2H experiment. Furthermore, if the proteins are 

not in their natural physiological environment, they may not be folded properly to 

interact [110]. During the last decade, Y2H has been improved by designing new yeast 

strains containing multiple reporter genes and new expression vectors to facilitate the 

transformation of yeast cells with hybrid proteins [101]. 

3.2.2 Tandem Affinity Purification (TAP) 

Tandem affinity purification (TAP) tagging was developed to study PPIs under the 

native conditions of the cell [101]. Gavin et al. first attempted the TAP-tagging 

method in a high-throughput manner to analyze the yeast interactome [35]. This 

method is based on the double tagging of the protein of interest on its chromosomal 

locus, followed by a two-step purification procedure using Staphylococcus protein A 

and calmodulin beads separated by a tobacco etch virus (TEV) protease cleavage 

site. First, a target protein open reading frame (ORF) is fused with the DNA se

quences encoding the TAP tag and is expressed in yeast where it can form native 

complexes with other proteins. The tagged protein, along with its associated pro

teins/complexes, is then extracted from the cell lysate. The fused protein and the 

associated complexes are then purified via a two-step affinity purification procedure. 

Proteins that remain associated with the target protein can then be analyzed and 

identified through SDS-PAGE [102] followed by mass spectrometry analysis [101], 

thereby identifying the PPI partner proteins of the original protein of interest. An 

important advantage of TAP-tagging is its ability to identify a wide variety of protein 

complexes and to test the activity of monomeric or multimeric protein complexes that 

exist in vivo. Compared to Y2H, TAP-tagging obtains interaction information from 

a more natural environment since the physiological conditions are more realistic than 

those created by Y2H, including factors like post-translational modifications and pH 

requirements. However, the TAP tag may interfere with the formation of some pro

tein complexes (as shown by [35]) by low expression of fusion proteins [104], which can 

affect the ability of a protein to interact with other proteins or may cause a mutant 

phenotype [133]. These problems may be minimized by using other complementary 
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techniques that can increase the reproducibility of any large-scale approaches. 

3.2.3 In terac t ion Databases 

The large quantity of experimental PPI data being generated on a continual basis 

necessitates the construction of computer-readable biological databases in order to 

organize and effectively disseminate this data. A number of such databases exist and 

are growing at exponential rates. The Biomolecular Interaction Network Database 

(BIND), for example, is built on an extensible specification system that permits de

tailed description of the manner in which the PPI data was derived experimentally, 

often including links directly to the supporting evidence from the literature [9]. The 

database of interacting proteins (DIP) is another database of experimentally deter

mined protein-protein binary interactions [136]. DIP serves as an access point to a 

number of other related databases such as LiveDIP, which provides information on 

the functional aspects of protein complexes as well as links out to other databases 

such as the database of ligand-receptor partners (DLRP). The General Repository 

of Interaction Datasets (BioGRID) is a database that contains genetic and physi

cal protein-protein interactions among proteins from 13 species [119]. Interactions 

are regularly added through exhaustive curation of the primary literature. Inter

action data is extracted from other databases including BIND and MIPS (Munich 

Information center for Protein Sequences) [79], as well as directly from large-scale 

experiments [20]. The molecular interaction database (MINT) is another database 

of experimentally derived PPI data extracted from the literature, with the added 

feature of providing the weight of evidence for each interaction [20]. The Human 

Protein Reference Database (HPRD) offers a centralized database of curated H. sapi

ens protein-protein interactions from several sources [55]. There are several other 

databases dedicated to single organisms (such as EciD E. coli [6]) or other large 

collections of experiments, but only the ones discussed in this thesis are listed here. 



3.3. COMPUTATIONAL PPI PREDICTION METHODS 16 

3.3 Computational PPI Prediction Methods 

Computational methods provide a complementary approach to detecting PPIs. In

deed, the wide availability of experimental data has spurned the development of nu

merous computational methods over the past few years. In general, all computational 

approaches to PPI prediction attempt to leverage knowledge of experimentally deter

mined previously known interactions in order to predict new PPIs. These methods 

enable one to discover novel putative interactions and often provide information for 

designing new experiments for specific protein sets. These approaches can be classi

fied into five general categories: methods based on genomic information, evolutionary 

relationships, three dimensional protein structure, protein domains, and primary pro

tein structure. Specific approaches that fall within these categories are listed in Table 

3.1 and are discussed below. Figure 3.1(a)-(e) presents the idea behind the five cat

egories of methods. Other methods such as the PRINCESS [67] combine several of 

these methods and known information about the proteins to assess the quality of 

protein-protein interactions. For example the PRINCESS method uses orthologous 

interactions, interacting domains, GO annotation, gene coexpression, genome context 

and network topology to assess the reliability of human protein-protein interactions 

from high-throughput experiments. 

3.3.1 Genomic Methods 

Genomic methods for interaction prediction take advantage of the availability of in

formation obtained by complete genome sequencing. Completely sequenced genomes 

provide knowledge of which genes are present and how they are organized (gene or

der). The conservation of gene order across species yields information about the 

evolution of the genome, and hints at which genes may be functionally correlated. 

Most computational methods that use genomic information do not rely solely on the 

sequence similarity between homologous genes (or their products) [30, 73], but rather 

assess functional links between pairs or clusters of co-located genes. Evidence for the 

evolutionary conservation of gene order can be obtained by systematic comparison 

of completely sequenced genomes. Dandekhar et al. [25] compared nine bacterial 

and archaeal genomes and applied a method based on co-localization to determine 
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Method Description 

Conservation of gene across genomes [25]. Comparison of pro
tein pairs in one genome to its fused single protein product ho-
molog in another genome [31, 74]. 

Whole genome 

Correlated evolution of functionally related proteins [91]. Tree 
kernel-based computational system to assess similarities between 
phylogenetic profiles [90, 129]. 

Evolutionary 
relashionship 

Assess fit of two interacting partners on a predetermined com
plex of known 3D structure; InterPreTS [5, 71]. Multimeric 
threading algorithm MULTIPROSPECTOR to recognize part
ners in protein interactions [70]. CAPRI is a community-
wide experiment focusing on the performance of protein-protein 
docking procedures [134]. PRISM: protein interactions by struc
tural matching [85]. 

3D protein 
structure 

Combination of similarity between sequence patches involved in 
interactions and between domains of interacting partners [32]. 
Maximum likelihood estimation method to determine probabil
ity of interactions between evolutionarily conserved protein do
mains in the Pfam protein domain database [26]. Prediction of 
interaction probability of proteins; ranking system for probabil
ity of interactions between protein pairs [44, 45]. Database of 
potentially interacting domain (PID) pairs using a DIP database 
and InterPro; PID matrix score as a reliability index for accu
rate analysis of interaction networks [56]. GAIA by Zhang et al. 
[141] 

Domain based 

Protein interactions mediated through specific short polypeptide 
sequences [117, 139]. Automatic recognition of correlated pat
terns of sequences and substructure by support vector machine; 
also uses associated physiochemical parameters [16]. Combina
tion of sequence information, experimental data analysis and 
subsequence paring to generate a signature product that is im
plemented with support vector machine (SVM) [77]. Kernel 
methods for predicting protein-protein interactions [12]. Pre
diction using SVM with a kernel function and sequence infor
mation [112]. Structure-templated predictions of novel protein 
interactions from sequence information [15]. InSite: protein-
protein interaction binding sides on a proteome-wide scale [131]. 
Codon usage to predict protein-protein interaction using se
quence information [82]. PIPE: protein-protein interaction pre
diction using primary protein structure data from MIPS and 
DIP databases [94] 

Primary 
protein 
structure 

Table 3.1: Computational methods for the prediction of protein-protein interaction. 
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Figure 3.1: The five categories of computation PPI methods: (a) genomic meth
ods, (b) evolutionary relationship, (c) protein structure, (d) domain method and (e) 
primary protein structure. 

conserved gene pairs even within relatively low conservation of gene-order. They 

found that proteins encoded by conserved gene pairs also tend to interact physically. 

Physical interactions between encoded proteins have been demonstrated for at least 

75% of the conserved gene pairs. A further 20% of the conserved pairs were predicted 

to encode proteins that interact physically [25]. While promising, the approach fails 

to identify interactions between products of distantly located genes. Moreover, false 

predictions are generated because the proximity constraint is not sufficient to deter

mine physical interaction. Finally, this approach may not be applicable to eukaryotes, 

because the co-regulation of genes is not imposed at the genome structure level [74]. 

The co-localization of genes encoding interacting or functionally related gene 
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products can be taken a step further. Pairs of interacting or functionally related 

proteins sometimes have homologs in another genome in which they are fused into 

a single protein [75]. For example, the Gyr A and Gyr B subunits of Escherichia 

coli DNA gyrase are fused as a single protein in yeast topoisomerase II [74]. Thus, 

the sequence similarities between Gyr A and Gyr B and different segments of the 

topoisomerase II might be used to predict that Gyr A and Gyr B may interact in 

E. coli [74]. It is important to note however that there are not many examples of 

gene fusions. Marcotte et al. developed a computational method to search for such 

fusion events within multiple genomes. In their study, they uncovered 45,502 such 

putative PPIs in yeast. Some proteins that were found to be linked to several other 

proteins also appeared to interact functionally in pathways. Many of these putative 

interactions were also confirmed experimentally, as documented in the DIP database. 

Similarly, Enright et al. identified 215 genes involved in 64 unique fusion events across 

E. coli, Haemophilus infuenzae and Methanococcus jannaschii [31]. This gene-fusion 

analysis approach has since been incorporated into a computational algorithm for the 

prediction of PPIs and protein function [75]. 

3.3.2 Evolutionary Relationship Methods 

Evolutionary relationships between two proteins can also be used to infer a physical 

and functional relationship. The phylogenetic profile of a protein describes the pres

ence of homologs across a series of organisms. Proteins that exhibit similar profiles 

may be functionally linked. For instance, proteins that make up multimeric struc

tural complexes or that participate in a given biochemical pathway typically exhibit 

similar phylogenetic profiles. Pellegrini et al. applied phylogenetic profiling to predict 

the function of previously uncharacterized proteins [91]. The comparison of profiles 

is further enhanced by including evolutionary information. Vert showed that the 

accuracy of function prediction using a support vector machine (SVM) is improved 

with the use of evolutionarily enhanced phylogenetic profiles [129]. A comparative 

genome phylogenetic analysis approach has also led to prediction of hundreds of pairs 

of interactions in E. coli, and thousands in yeast [90]. 



3.3. COMPUTATIONAL PPI PREDICTION METHODS 20 

3.3.3 Protein Structure Methods 

As the number of experimentally solved protein structures continues to increase, 

three-dimensional (3D) structure information has become increasingly applied to the 

prediction of physical binding [4, 70]. By considering homologous proteins, it has 

been shown that close homologs (> 30% sequence identity) physically interact in the 

same or similar way [4]. Aloy and Russell describe such a 3D-based method to model 

putative interactions [4]. The method assesses the fit of two potential interacting 

partners on a complex of known 3D structure and infers molecular details of how the 

interaction is likely to occur. In general, it has been shown that residues located at the 

interface tend to be structurally conserved [71]. Residues that make atomic contacts 

in a crystallographic complex are analyzed. An interaction is conserved as long as the 

contacting residues is also conserved. Homologs of both interacting proteins are then 

examined to see whether these interactions are preserved. All possible pairs between 

two protein families can then be modeled and the most likely interactions determined. 

The method also offers the means of assessing the compatibility of a proposed PPI 

within such a complex, as well as for ranking interacting pairs in studies that involve 

protein families that show different interaction specificities. The method can be used 

to model a complex based on the known structure of a similar template complex, and 

to correctly predict interactions within several systems [4]. Aloy et al. successfully 

demonstrated how 3D structures can be used to query entire interaction networks so 

as to validate and infer the molecular details of interactions that have been predicted 

using other methods. 

CAPRI (Critical Assessment of PRedicted Interactions) is a community-wide ex

periment that aims to fairly evaluate the state of the art in protein-protein docking 

procedures by making predictions on a set of interacting proteins for which the so

lution has not yet been published [134]. Models are compared to high quality crys

tallographic interaction data by independent CAPRI assessors. During the course 

of these experiments, it was found that models exhibiting a high degree of native 

intermolecular contacts were generally good indicators of true PPIs. PRISM (Pro

tein Interactions by Structural Matching) searches a dataset of protein structures for 

potential interaction partners by comparing protein structure pairs with a dataset of 
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interfaces [85]. This interface dataset is a structurally and evolutionary representa

tive subset of biological and crystal interactions present in the PDB. The algorithm 

calculates the similarity between interfaces by first obtaining structural surface align

ments. This measures structural similarity of a target structure to a binding site. If 

the surfaces of two target proteins contain similar regions to complementary partner 

chains, it may be inferred that those target proteins interact through similar regions. 

The PRISM web server allows users to explore protein interfaces as well as predic

tions of PPIs. One can search a variety of stored interfaces categorized by functional 

clusters or structural similarity. For example, users can search for proteins involved in 

cell metabolism, while restricting the results to interfaces of certain sizes. PRISM's 

interactive visualization tool shows the 3D model along with the desired features. 

One can also submit protein structures (in PDB format) for interaction prediction. 

Note that this method is only applicable to proteins with known structure. 

InterPreTS (interaction prediction through tertiary structure) is a web-based ver

sion of the above method [5]. Homologs of a test pair of protein sequence are identified 

from the database of interacting domains (DBID) of known 3D complex structures. 

The sequences are then scored for how well they preserve sites of contacts at the 

interaction interface [5]. InterPreTS allows one to visualize the molecular details of 

any predicted interaction. Combining domain structural similarities and conserved se

quence patches among interacting proteins has also led to improved methods for inter

action prediction [32]. Lu et al. report a multimeric threading approach to identifying 

interaction partners and to assign quaternary structures of proteins found in the yeast 

DIP database [70]. This multimeric threading algorithm, MULTIPROSPECTOR, is 

able to recognize partners involved in protein interactions and correctly predict a sig

nificant number of interacting yeast proteins pairs that have already been identified 

in the DIP database. The method correctly recognized and assigned 36 of 40 homod-

imers, 15 of 15 heterodimers, and 65 of 69 monomers that were scanned against a 

protein library of 2,478 structures obtained from the Protein Data Bank (PDB) [14]. 

The reported prediction accuracy of current methods often varies substantially, and 

recent efforts have been made to address this issue. 



3.3. COMPUTATIONAL PPI PREDICTION METHODS 22 

3.3.4 Domain Based Methods 

There are a number of computational techniques that are based solely on the con

servation of protein domains. For example, a method developed by Deng et al., 

employs maximum likelihood estimation to infer interacting domains that are consis

tent with the observed PPIs [26]. Using evolutionary conserved domains defined in 

the Pfam (protein families) protein domain database [116], the probabilities of inter

actions between every pair of domains are estimated. These inferred domain-domain 

interactions are subsequently used to predict interactions between proteins. Han et 

al. provide a similar computational tool that not only predicts the PPIs, but also 

provides the interaction probability of input proteins and ranks the possibilities of 

interaction between multiple protein pairs [44, 45]. 

Another prediction algorithm called PreSPI (prediction system for protein inter

action), based on conserved domain-domain interactions, was also described by Han 

et al. [44]. Here a domain combination-based PPI probabilistic framework is used 

to interpret PPIs as the result of interactions of multiple domain pairs or of groups. 

This tool is able to predict the interaction probability of proteins and also provides 

an interaction possibility ranking method for multiple protein pairs that can be used 

to determine which protein pairs are most likely to interact with each other in mul

tiple protein pairs. A high sensitivity of 77% and specificity 95% were obtained for 

the test groups containing common domains when tested using an interacting set of 

protein pairs found in the yeast DIP database. Correlations were observed between 

the interacting probability and the accuracy of the prediction, making the output 

probability a useful indicator of prediction confidence. This method was also some

what successful when tested on an artificially made random pairing of proteins used 

as a negative test set of non-interacting protein pairs. This method is particularly 

advantageous because it also allows for mass prediction of genome-wide interactions, 

which in turn makes it possible to construct entire protein interaction networks. 

Kim et al. developed a database for potentially interacting domain pairs (PID) 

refined from the DIP database of interacting proteins by making use of InterPro, an 

integrated database of protein families, domains, and functional sites [56]. A sta

tistical scoring system, "PID matrix score" was developed as a reliability index for 
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accurate functional analysis of interaction networks and a measure of the interaction 

probability between domains. This method combines various kinds of information 

such as sequences, interacting regions, and domains of both interacting partners [56]. 

In order to evaluate the predictive power of the PID matrix, cross-validation was 

performed with subsets of DIP data (positive datasets) and randomly generated pro

tein pairs from TrEMBL/SwissProt database (negative datasets). The prediction 

system resulted in approximately 50% sensitivity and more than 98% specificity [56]. 

The result also showed that mapping of the genome-wide interaction network can be 

achieved by using the PID matrix. 

Finally, Zhang et al. presents a novel approach called Gram-bAsed Interaction 

Analysis (GAIA, [141]) to predict PPIs in S. cerevisiae. It is based on n-grams, or 

short strings of n amino acids, from annotated domain-domain interaction data. This 

method achieves a true positive rate of 82% and a false positive rate of 21% on a set 

of gold-standard interactions. However like other domain-based methods, GAIA will 

not be able to predict interactions mediated by amino acids that are not part of a 

currently known interacting domain. 

3.3.5 Primary Protein Structure Methods 

Primary protein structure approaches are predicated on the hypothesis that PPIs 

may be mediated through a specific number of short polypeptide sequences. These 

sequences do not span whole domains but are found repeatedly within the proteins 

of the cell. SVM-based learning methods have shown that the primary sequence of 

an amino acid chain can effectively identify PPIs [16, 77]. 

Spriznak et al. presents an approach that integrates the predictions obtained from 

different computational approaches together with experimental data, so as to provide 

functional assignments [117]. It was reported that characteristic pairs of sequence-

signatures can be learned from a database of experimentally determined interacting 

proteins, where one protein contains the first sequence signature and its interacting 

partner contains the other sequence—signature. The sequence-signatures that appear 

together in interacting protein pairs are termed correlated sequence-signatures. This 

analysis is applied to a database of experimentally identified interacting protein pairs 
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in yeast, from which distinct over-represented sequence-signature pairs were identi

fied. Although not every protein with the one signature is expected to interact with 

every protein with the other signature, this approach can be used to direct and narrow 

down experimental interaction screens [117]. 

Another approach is based on the ability of an SVM learning system to automat

ically recognize correlated patterns of sequence and substructure in the interacting 

pairs of proteins found in the DIP database. These patterns typically comprise a 

small number of functional residues in each protein. This computational tool, de

veloped by Bock and Gough, is based on primary structure information as well as 

associated physico-chemical properties such as charge, hydrophobicity, and surface 

tension. Reported prediction accuracy was 80%, but the test set size was very small 

(five previously characterized interactions) [16]. Martin et al. describe an algorithm 

for PPI prediction [77] that follows the approach of Bock and Gough by combining 

sequence information and experimental data analysis, while extending the concept of 

sequence-signatures from Sprinzak et al. by using subsequence pairing. Information 

from experimental data, sequence analysis, and local descriptions of protein pairs, 

which are more representative of the actual biology of PPI, are combined to generate 

a novel and even more general descriptor called a signature product. The signature 

product is then implemented within a SVM classifier as a kernel function [77]. This 

method was applied to publicly available yeast datasets among others. The yeast 

and H. pylori datasets used to verify the predictive ability of the method yielded 

accuracies of 70-80% using tenfold cross-validation. The human and mouse datasets 

were also used to demonstrate that the method is capable of cross-species predic

tion. This method is advantageous over that of Bock and Gough because it uses only 

experimental and sequence information, and does not require physico-chemical infor

mation. In addition, this approach, unlike that of Sprinzak et al., does not require 

prior knowledge of domains. 

Ben-Hur and Noble [12] also make use of SVMs to predict PPIs, but introduce 

a novel pair-wise kernel that measures the similarity between two pairs of proteins. 

SVMs and kernel methods have the ability to integrate different types of information 

through the kernel function. Here, kernels make use of a combination of data including 
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protein sequence, homologous interactions, and GO annotations. Ben-Hur and Noble 

explore a number of different kernel functions using yeast PPI data from the BIND 

database. At a false positive rate of approximately 1%, the sensitivity was 80%. 

Future directions may include data incorporation from gene expression studies and 

transcription factor binding data that have been useful in predicting PPIs. A recent 

paper by Shen et al. [112] presents another method based on a SVM with a kernel 

function using only sequence information to predict PPI in humans. The authors 

report an average prediction accuracy of 83.90%. Recently, Deng et al. also proposed 

a similar method based on SVM 

Betel et al. [15] have published a method based on structure templates to predict 

novel protein interactions from sequence information. They rely on existing physical 

interaction data in order to build sequence profiles that determine the binding speci

ficity of interaction domains. This method is called domain-motif interactions from 

structural topology (D-MIST). They publish a total of 18,459 interactions between 

2,313 proteins in S. cerevisiae. They note that 609 interactions within that set have 

reported experimental evidence (pa 3%) but no sensitivity or specificity are given for 

the results. 

Wang et al. [131] have developed a tool for identifying protein interaction bind

ing sites called InSite. Their method uses a library of conserved motifs, a dataset 

of protein interactions and indirect evidence of protein-protein and motif-motif in

teractions (i.e. expression correlation, Gene Ontology, annotation, domain fusion) 

to predict binding sites on a proteome-wide scale. This technique uses the different 

input information to find possible explanations for the predicted binding sites. They 

publish an interaction dataset of w 80,000 interactions involving « 2,700 proteins in 

S. cerevisiae. The Guo et al. [43] approach also uses motifs but attempts to discover 

very short motif pairs (3-8 amino acids) responsible for interactions between protein 

pairs and uses them to predict PPIs. 

A method by Najafabadi et al. [82] uses codon usage to predict protein-protein 

interactions using only the primary protein structure. This method called 'PIC' 

(probabilistic-interactome using codon usage) combines the information provided by 

the frequencies of all codons by way of a naive Bayesian network in order to predict 
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protein-protein interactions in S. cerevisiae. The authors claim an increase of 75% 

in specificity at a precision of 50% compared to predictions which do not consider 

codon usage. 

The method discussed in this thesis called PIPE (protein-protein interaction pre

diction engine) is able to predict with high confidence PPIs for any target pair of 

yeast proteins given only knowledge of their primary structure data [94]. Like other 

PPI prediction methods, PIPE relies on previously acquired experimentally derived 

PPI data and extrapolates this information to predict novel PPIs. This engine com

piled the dataset of 15,118 PPI pairs of S. cerevisiae from the DIP [136] and MIPS 

[79] databases. PIPE predicts the probability of interaction between two proteins 

by measuring how often pairs of subsequences in two query proteins A and B are 

observed to co-occur in pairs of protein sequences known to interact. PIPE showed 

an overall accuracy of 75%, a success rate that is on par with other commonly used 

biochemical techniques. PIPE analysis also has other applications in that it can be 

used to study the internal architecture of yeast protein complexes [94]. It has been 

independently assessed [89] against other methods previously discussed by Shen et al. 

[112], Martin et al. [77] and Guo et al. [43]. 

A new version of the PIPE method, called PIPE2, has been created in order to 

run genome-wide predictions in S. cerevisiae [95]. This thesis will also present an 

extension of the PIPE algorithm (PIPE3) to predict PPIs in multiple organisms. 

This multi-organism PPI prediction is something few other computational methods 

have attempted to do, instead only targeting one organism. 

A method called Linear Motif Discovery (LMD) contains some parallel features 

to PIPE [83]. In that report the primary sequences of proteins in the database of 

interacting protein pairs were analyzed to identify novel protein interaction motifs. 

In this manner the authors identified dozens of novel interacting motif candidates. 

A significant difference between PIPE and this approach is that PIPE is optimized 

to predict the likelihood of an interaction between a given pair of proteins, whereas 

LMD is optimized to identify protein-protein binding motifs. The existence of a 

protein-protein binding motif in a pair of proteins does not indicate how likely this 

is going to result in an actual protein-protein interaction. 
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Zaki et al. [139] have developed a method called PPI-PS (Protein-protein Inter

action based on Pairwise Similarity) which is very similar in most respect to PIPE. 

This method however concatenates all the sequences into one long vector and typically 

uses much larger windows than PIPE (500-20,000AA as opposed to 20AA in PIPE). 

It also uses a Smith-Waterman score which is the score of the best local alignment 

with gaps between a subsequence and all protein sequences. Using SVM, PPI-PS 

is claimed to attain 77.89% accuracy (80.7% sensitivity at 74.4% specificity) when 

tested on 4,917 interacting and 4,000 non-interacting pairs. 

3.3.6 Strengths, Weaknesses, and Challenges of Computational P P I Pre

dictions 

Researchers have embraced the use of computational methods in the elucidation of 

PPIs. Computational PPI prediction methods are an invaluable source of information 

that complement labor-intensive experimental approaches such as Y2H and TAP-

tagging. However, the high-throughput nature of bioinformatics tools should require 

that computational predictions be deemed reliable only after proper scrutiny. Appro

priate measures to evaluate the significance of the interactions should be developed 

to minimize the number of results that give false positives and negatives. While it 

is often difficult to differentiate between novel interactions and false positives, ad

ditional contextual clues including function, expression, and localization should be 

brought into consideration. As computational methods are based directly or indi

rectly on experimentally obtained data, the inaccuracies in the original data will 

likely be propagated into the predictions. 

Several other factors contribute to the challenges that face computational PPI pre

dictions. False positives are prevalent in most computational methods, but we can eas

ily find an explanation. The model organism used for testing in many methods, yeast, 

contains roughly 6,300 proteins [42], which yields approximately sa 20 million possible 

pairs. Even with a false positive rate as low as 1%, we would anticipate RS 200,000 

falsely predicted interactions. It has been estimated that, in actuality, there are any

where between 10,000 and 30,000 interactions in yeast [11, 42, 47, 64, 118, 124, 130]. 

Recent large-scale studies contain datasets of a size closer to the bottom end of that 
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range (7,123 in Krogan et al. [61]). We can therefore see that the positive interactions 

are vastly outnumbered by the number of negative interactions. Even if we assume 

there are 30,000 possible interactions there is still more than a 600:1 ratio of negative 

to positive interactions (« 0.158%). Therefore it is extremely difficult to recognize 

the true positive predictions among the overwhelming background of false positive 

predictions. The lack of reliable a gold standard makes the assessment of predic

tion accuracy by the various tools somewhat arbitrary. The establishment of a gold 

standard is essential to measure progress in the field and will also serve as training 

material for the next generation of prediction methodologies. Strong gold standard 

datasets need to be constructed from multiple lines of evidence, including structure 

where possible, and made freely available. Recent developments in computational 

interaction prediction have opened the door to predicting entire interactomes for a 

variety of organisms. For the most sophisticated approaches, this objective is very 

computationally expensive and time-consuming. However, algorithmic optimizations 

and continued improvements in hardware performance will help overcome these chal

lenges. 

3.4 S u m m a r y 

In spite of the number of challenges that are faced in the use of computational meth

ods, one can only expect that they will have even wider applications in the genome-

wide analysis of interactomes. The most obvious result of this will be the enlargement 

of protein databases. It is also expected that the efficiency of these methods will im

prove. At present, there is an emergence of a more integrated strategy in which 

genomic, proteomic, and other forms of data are incorporated into the process of 

generating protein interaction maps. It appears that these strategies will also be 

able to take other cellular processes such as post-translational protein modification 

and protein degradation into consideration. It is impossible to deny the invaluable 

insight into the organization of living organisms that has been provided by even the 

simplest of protein interaction models. As these models become more sophisticated, 

computational methods will become of higher importance. 



Chapter 4 

PIPE: Protein—protein Interaction Prediction Engine 

4.1 Introduction 

We have previously discussed the traditional methods such as Y2H and TAP-tag along 

with their strengths and weaknesses. They are generally time consuming and costly 

methods with low accuracy. These drawbacks motivated development of computa

tional protein-protein interactions predictions. However each computational method 

also has strengths and weaknesses. Some methods require the 3D structure of each 

protein in order to make a prediction. Unfortunately, since we don't have the struc

ture for a lot of proteins in yeast those proteins, interactions cannot be predicted 

using those methods. Methods based on known motifs suffer from a similar problem: 

what if your motif database is incomplete or incorrect? There is therefore the need 

for a simple method that uses as little information about the protein as possible. 

In this chapter, we report on the development and implementation of a computa

tional tool termed Protein-Protein Interaction Prediction Engine (PIPE). This engine 

uses the primary structure of proteins together with the available protein interaction 

data to predict the potential interaction between any target pairs of S. cerevisiae 

proteins. A paper published by Pitre et al. [94] is partly the basis for this chapter. 

4.2 The Problem 

Here we ask the question: can novel protein-protein interactions be successfully pre

dicted from amino acid sequences (the primary structures) alone and without any 

further information/prediction about the proteins? Our hypothesis is that some of 

the interactions between proteins are mediated by a finite number of short polypep

tide sequences. These sequences may be typically shorter than the classical domains 

and are used repeatedly in different proteins and in different contexts within the cell. 

29 
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Once the interaction database is large enough to sample these sequences, it should be 

possible to accurately predict such protein-protein interactions. We therefore need 

an algorithm that will only use an interaction database as its source of information 

and that can predict an interaction between two proteins given only their primary 

structure (or sequence). 

4.3 Algorithm Description 

Our protein-protein interaction prediction algorithm relies on previously determined 

interactions. At the time we initiated this study, our dataset was composed of 15,118 

pairs of protein-protein interactions using a total of 6,304 yeast protein sequences and 

was compiled from the S. cerevisiae protein interactions reported in the DIP [106] 

and MIPS [79] databases. These interactions were determined using several methods, 

each having a limited accuracy. Since our algorithm is based on uncertain data, we 

expect a certain degree of error associated with our predictions. The principle of our 

method is as follows: assume we have two query proteins A and B, along with the 

knowledge that certain proteins C and D are interacting. If a region (subsequence) 

a\ in A resembles a region in C, and a sequence b\ in B resembles a region in D, 

there is a possibility that A and B are also interacting via an interaction between the 

corresponding ai and b\ subsequences, which co-occur in both protein pairs A — B 

and C — D. As the number of interacting protein pairs in the database which contain 

the corresponding sequences a\ and bi increases so does the likelihood that ai and bi 

are the true mediators of an interaction between A and B. 

To match two windows or subsequences, PIPE uses a substitution matrix. Substi

tution (or scoring) matrices describes the rate at which one character in a sequence 

changes to other character states over time. This 20 x 20 matrix will contain values 

for every pair of amino acid according to how likely one could change into the other 

due to evolution or mutation. After some trial and error we settled on the PAM120 

substitution matrix. The PAM matrix stands for Point Accepted Mutation, in which 

PAM1 would be based on probabilities of 1 accepted mutation per 100 amino acids 

(1%). PAM120 therefore represents 120 accepted mutations per 100 amino acid. One 

should use higher-numbered PAM matrices to compare more evolutionary distant 
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sequences. 

The algorithm can be divided into the following steps (see also Figure 4.1): 

Step 1: Input the dataset of known protein interactions (referred to as the interaction 

list): 

(a) Every protein in the interaction list is represented as a node in graph G. 

(b) Every interacting pair of sequences in the interaction list results in an edge I in 

G between the two respective nodes. 

(c) Input two query sequences: A of length m and B of length n. 

Step 2: Sequence A is fragmented into overlapping segments of w amino acids each. 

In other words, we use a sliding window of length w and move it forward by one amino 

acid in each step. For each fragment a,, i = 1 to (m — w + 1), we do the following: 

(a) Search for fragment a, in every sequence in the database. We also use a sliding 

window of length w in every sequence in the database. For every fragment in 

each sequence we use a substitution matrix (PAM120) to match the correspond

ing amino acids with a,. We define a score which is the sum of PAM120 scores 

for the w pairs of amino acids matched. That score will be used to identify 

whether two fragments are similar or not. 

(b) For every sequence containing a fragment that matches a, (score equal or greater 

than a threshold Spam), we add to a list R all neighbors of that sequence in G 

(by following its adjacent edges in G). 

Step 3: Once all fragments â  have been searched in the database and all neighbors 

of successful matches have been added to the list R, we search all fragments bj of 

sequence B in R. As in Step 2, we use again a sliding window of size w to create 

fragments bj, j = 1 to (n — w + 1), of B and then search each bj in R. Every match 

of a bj in R will result in a score increment of one in a result matrix where each row 

i represents a fragment â  in A and each column j represents each fragment bj in B. 
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Step 4: The result matrix is presented as a 3D surface where the rows and columns 

represent the fragments at and bj, respectively, and the elevation represents the score 

S, i.e. the number of matches observed for the corresponding fragments a, and bj. 
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Figure 4.1: Illustration of PIPE algorithm. Step 1: input the sequences (A,B) and 
build an interaction graph from the interaction list. Step 2: scan the interaction 
graph for proteins matching A and build a list of neighbors. Step 3: scan the list of 
neighbors for proteins matching B and for every hit increment the corresponding cell 
in the result matrix. Step 4: graph the result matrix into a 3D surface where a hill 
of height greater than 10 indicates an interaction. 
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4.4 Algorithm Pseudocode and Analysis 

The PIPE algorithm was described informally in the previous section so we present 

here the pseudocode description. \P\ represents the length in amino acids (AA) of 

protein P or the number of proteins in list or graph —P— depending on the context. 

The input consists two query proteins A and B as well as the interaction graph G. 

The output will consist of the \A\ x \B\ matrix H. 

procedure PIPE(G, H, A, B) 

Input graph G 

Input query proteins A of length m and B of length n 

for every â  in A of length w for i = 0 to (|^4| — w) do 

for every protein V in graph G do 

for every Vj of length w in V for j = 0 to (|V| — w) do 

if compare(a,i, Vj) > Spam then 

create a list R containing every neighbor of V in G 

for for every protein X in R do 

for every xt of length w in X for t = 0 to (\X\ — w) do 

for every bu in B of length w for u = 0 to (|B| — w) do 

if compare{bu, xt) > Spam then 

ff[i][u] = H[i\[u]+l 

stop comparing again X and go to next neighbor in R 

end if 

end for 

end for 

end for 

end if 

end for 

end for 

end for 

return H 
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From the pseudocode we can analyze the complexity of the PIPE algorithm to 

determine an upper-bound on the worst-case runtime. It is clear that the runtime 

of the algorithm will depend on the lengths of the query proteins A and B. However 

from the pseudocode we can also see that several other factors will affect the runtime: 

density of the interaction graph, length of the proteins in the graph (|V| and \X\) and 

the size of the window (to). Table 4.1 below lists the cost in operations of each line 

and how many times each loop will be executed. For simplicity, we will ignore lines 

1 and 2 and assume the query proteins and the interaction graph have already been 

loaded. We assume the FOR-loops have no cost except the lines contained within 

them. Therefore, the cost of a FOR-loop will be equal to its number of execution 

multiplied by the cost of the lines it contains. 

Lines 

Line 3 

Line 4 

Line 5 

Line 6 

Line 7 

Line 8 

Line 9 

Line 10 

Line 11 

Lines 12-13 

Costs 

-

-

-

0(w) 

0(\R\) 

-

-

-

0(w) 

0(1) 

Loops Executed 

0 ( | A | - u ; ) 

0(\G\) 

0(\V\-w) 

0(1) 

0(1) 

0(1*1) 
0{\X\-w) 

0{\B\-w) 

0(1) 

0(1) 

Table 4.1: List of the PIPE algorithm pseudocode line costs and number of executions 

Since the algorithm contains IF functions (lines 6 and 11) it will not always run 

every line of code found in the pseudocode. When the IF function in line 6 is always 

TRUE and the one in line 11 is always FALSE this causes the algorithm to do the 

maximum amount of work. In such a case the runtime of the PIPE algorithm is given 

by: 

= 0(\A\ - w) • 0(\G\) • 0(\V\ - w) • (0{w) + 0(\R\) + 0(\R\) • 0(\X\ - w)-

•0(\B\ - w) • (0(w) + 0(l))) 
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The worst-case scenario for the PIPE algorithm consists of a fully connected 

interaction graph (every protein has every protein as its neighbor; \R\ = |G|) and a 

window size of 1 (w = 1). In such a scenario the runtime becomes (we ignore w here 

since its value is 1 and is absorbed by the big-Oh notation): 

= 0(\A\) • 0(\G\) • 0( |V|) • (0(\G\) + 0(\G\) • 0(\X\) • 0(\B\)) 

= 0(\A\\G\*\V\)(1 + 0(\B\\X\)) 

4.5 PIPE Parameter Tuning 

There are three main parameters that need to be set for PIPE: (1) the window size w, 

(2) the threshold Spam that determines a match between two fragments with respect 

to PAM120, and (3) the threshold M for the PIPE score (number of matches observed 

for two fragment a, and bj) above which PIPE reports an interaction between two 

proteins. The three values w, Spam and M depend on each other. One of them can be 

set as a free parameter and the other two then need to be set accordingly. We chose 

to set the window size w to 20. Theoretically, one would want w to be as small as 

possible in order to identify interaction sites as precisely as possible. Although using 

a smaller window size would allow PIPE to detect small interaction sites (i.e. binding 

sites which are only up to 5-10AA long), too small a window size would create an 

overwhelming number of random matches. A window size of 20 is a small value for 

which the probability of random matches is small enough (see "Method 2" discussion 

below). We used two different methods to determine the values of the remaining two 

parameters, Spam and M. 

Method 1: Trial and error. For a set of 20 interacting pairs and 20 non-interacting 

protein pairs, we tried various combinations of Spam and M, requiring close to 400 

hours of computation time. It was observed that a PAM120 cut off score Spam = 35 

and a threshold for the number of matches M = 10 was most selective in differenti

ating between interacting and non-interacting pairs. 

Method 2: Statistical evaluation. To evaluate the significance of M = 10 matches 

observed for a PAM120 cut off score Spam = 35 with window size w = 20, we measured 
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the likelihood of such an event for random sequences. First, we built 1,000,000 random 

fragment pairs by creating 2,000,000 random fragments of length 20 whose amino acid 

distribution is the same as measured for our yeast database. Figure 4.2(a) shows the 

measured probability for two random fragments to match with a given PAM120 score 

(fragment score). We observe that the probability for two fragments to match with a 

PAM120 score larger than 35 is less than 10 - 6 . Next, we built 1,000 random protein 

pairs by creating 2,000 random proteins of length 500 whose amino acid distribution 

is the same as measured for our yeast database. For each protein pair, we ran PIPE 

and determined the maximum score in the PIPE result matrix. Figure 4.2(b) shows 

the measured probability for two random proteins to have a given maximum PIPE 

score. We observe that the probability of a PIPE score larger than 10 is less than 

io-6. 
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Figure 4.2: PIPE parameter tuning. In (a) the measured probability for two random 
fragments to match with a given PAM120 score (fragment score) is shown to be 
10~6 for scores larger than 35. This was done using 1 M random fragment pairs of 
length 20. In (b) 1,000 random protein pairs of length 500 are used to show that the 
measured probability for two random proteins to have a maximum PIPE score larger 
than 10 is 10~6. 
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4.6 Interpretation of PIPE output 

Typical graphs of non-interacting and interacting pairs are shown in Figure 4.3(a) 

and Figure 4.3(b) respectively. The x and y axis represent the amino acids regions of 

the target proteins, starting from the N-terminal amino acid at position 1. Therefore 

position 5 corresponds to the 20 amino acid window starting at the fifth amino acid 

of the polypeptide. The score on the z axis represents the number of times that a pair 

of 20 amino acid sequences co-occurs in the dataset of interacting proteins. A high 

score corresponds to a high incidence of co-occurrence of the sequences among the 

database of interacting proteins. Therefore a score of 5 indicates that the correspond

ing sequences co-occur five times in our database, whereas a score of 50 indicates that 

the co-occurrence is present in 50 pairs of interacting proteins. We assume that a 

high score represents a soaring affinity for an interaction. We note that a major 

source of false positives reported by PIPE is motifs with frequent occurrence in the 

database. Pairs of such motifs can have a high co-occurrence simply because they are 

very frequent. PIPE's sensitivity and specificity is calculated as explained in Section 

2.1. 

4.7 Results 

Our protein-protein interaction prediction algorithm (PIPE) relies on previously de

termined interactions for S. cerevisiae. For two target proteins A and B, PIPE 

determines the likelihood for A and B to interact. Typical PIPE output for non-

interacting and interacting pairs of proteins are shown in Figure 4.3(a) and Figure 

4.3(b) respectively. A peak with a score higher than 10 indicates that PIPE is pre

dicting an interaction. 

4.7.1 Ability of PIPE to detect interacting proteins 

PIPE accuracy was determined by analyzing sets of known interacting pairs and ex

pected non-interacting pairs. PIPE successfully detected 61% of interacting proteins 

in a randomly selected set of 100 protein pairs from the yeast protein interaction lit

erature for which at least three different lines of experimental evidence supported the 
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Figure 4.3: Interaction graphs. Two interaction graphs showing potential interaction 
sites for a pair of non-interacting proteins (a) and a pair of interacting proteins (b). 
In (a), the number of corresponding short amino acid sequences between YBL090W 
and YGL055W, which also co-occur in the dataset of the interacting proteins, is 
calculated to be very low and hence no obvious peaks are detected in this graph. 
In (b), a sharp peak with a score of 115 indicates that the two corresponding short 
amino acid sequences one in middle section of YBR288C (around amino acid 140) 
and the other at the C-terminal end of YGR261C co-occur 115 times in the dataset 
of the interacting protein pairs. It is therefore hypothesized that the two proteins 
YBR288C and YGR261C can potentially interact. 

interaction. This positive validation set was selected independently of the dataset of 

the interacting protein pairs used by PIPE to predict interactions. This observation 
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suggests a sensitivity of 61% and a false negative rate of 39% for PIPE data. PIPE's 

success rate is comparable to those obtained by in vivo experiments. TAP tag data 

are estimated to have a false negative rate of 15-40% [29] with an internal repro

ducibility of 70% [28], which applies only to those proteins that can be successfully 

tagged in vivo (89%) [28]. A conservative estimation of false negative rate in yeast 

two-hybrid screens is approximately 40% [29, 114]. This finding indicates that pro

tein interactions mediated by short polypeptide sequences may comprise the majority 

of protein interactions experimentally observed. 

In order to evaluate the specificity and the rate of false positives associated with 

PIPE, a negative validation set of 100 protein pairs were gathered from the literature. 

These protein pairs are expected to not interact based on protein localization data, 

co-expression profiling, known direct or indirect functional or genetic relationships 

and the information gathered from the complete set of protein interaction datasets. 

11 of these non-interacting protein pairs were predicted by PIPE to be interacting, 

indicating a specificity of 89% and a false/novel positive rate of 11%. It also suggests 

that PIPE has an overall accuracy of 75%. The low false positive rate associated with 

PIPE is substantially better than most experimental protein interaction detection 

methods. It is thought that the false/novel positive rate might be as high as 77% 

and 64% in TAP tag and yeast two hybrid experiments, respectively [29]. In addition 

to the negative validation set of 100 protein pairs discussed above, we also presented 

10 pairs of random amino acid sequences of length 500 to PIPE, and PIPE detected 

no interactions among those 10 pairs, another indication of a low false/novel positive 

rate for PIPE (data not shown). All together these data indicate that PIPE can 

effectively identify protein-protein interactions based on the primary structure (amino 

acid sequences) of proteins alone and without any previous knowledge about the 

higher structure, domain composition, evolutionary conservation or the function of 

the target proteins. This is a significant improvement over some commonly used 

protein-protein interaction prediction algorithms. For example, our analysis using 

Interpret, one of the most commonly used protein-protein interaction prediction tools 

[5], failed to detect the previously identified interactions for protein pairs YKL028W-

YDR311W, YKR048C-YCL024W [35, 127] and YOR358W-YGL237C [51] for which 
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limited structural information is available. PIPE analysis, however, detected high 

confidence interactions for these pairs with scores of 250, 160 and 100, respectively. 

We note, however, that although PIPE appears to have a good specificity, it would 

be weak for detecting novel interactions among genome wide large-scale data sets. 

For example, assume that we were able to run PIPE on all pairs of yeast proteins 

(approx. 20,000,000 pairs), despite PIPE's current running time. If we assume that 

there are approximately 50,000 true interactions, then PIPE would be expected to 

report approximately 30,000 true positives, 2,200,000 false positives, 17,750,000 true 

negatives and 20,000 false negatives. The large number of false positives compared 

to the number of true positives makes PIPE a weak tool for analyzing such data sets. 

In Chapter 5 we will discuss improvements to the PIPE algorithm that will overcome 

these problems and enable genome-wide predictions. 

4.7.2 Ability of P I P E to detect the sites of interactions between protein 

pairs 

To examine whether PIPE can detect the sites of interaction between proteins, we took 

10 protein pairs (Table 4.2) for which their sites of interactions had previously been 

reported. Of the 10 protein pairs, PIPE identified 7 pairs as interactors. The sites of 

Protein A Protein B 

YPL153C YBL051C 
YNL088W YGL017W 
YNL243W YBL007C 
YCR084C YBR112C 
YMR190C YNL282W 
YGL153W YDR244W 
YBR079C YNL243W 
YDR477W YGL115W 
YMR159C YMR159C 
YDR216W YMR303C 

Table 4.2: Set of interacting proteins with previously reported interaction sites. 

interactions reported by PIPE for 4 of these pairs were the same as those previously 

reported in the literature. It was previously shown in [41] that the region 310-768 
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in protein YNL243W is responsible for its interaction with amino acids 118-361 in 

protein YBL007C. PIPE analysis of the protein pair is shown in Figure 4.4. Apparent 
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Figure 4.4: Potential interaction sites between YNL243W and YBL007C. PIPE can 
successfully determine the previously known sites of interaction between the two pro
teins YNL243W and YBL007C. It was previously shown that the region 310-768 
in protein YNL243W is responsible for its interaction with amino acids 118-361 in 
protein YBL007C. Visualized by its highest peak with a score of 45, PIPE has suc
cessfully detected an interaction between YNL243W and YBL007C via their corre
sponding amino acid regions 350-410 and 100-250, respectively. A second highest 
peak with a score of 42 also suggest a second site of interaction between the two 
proteins. According to PIPE analysis it is possible that the C-terminal end of the 
YBL007C protein may also serve as a site of interaction. 

by a peak with a high score of 45, PIPE analysis indicates that the region between 

amino acids 350 and 410 in protein YNL243W co-occurs frequently with the region 

between amino acids 100 and 250 in protein YBL007C. This observation suggests that 

the two proteins are interacting via the mentioned regions. This is in agreement with 

the regions experimentally shown to mediate an interaction between YNL243W and 

YBL007C [41]. Interestingly, PIPE also detected a second potential site of interaction 

between the same region (amino acids 350-410) for YNL243W as above and the C-

terminal region (amino acids 1175-1225) of YBL007C. Of interest is that previously 

it was shown that the C-terminal domain of YBL007C can function as a site of 

protein-protein interaction [121, 140]. Further studies are required, however, to verify 
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the presence of an interaction between these newly predicted sites. Furthermore, 

PIPE successfully determined the previously documented site of interaction between 

YCR084C and YBR112C. It is reported that the first 75 amino acids of YCR084C 

is responsible for an interaction with the N-terminal region of YBR112C [125, 126]. 

PIPE correctly predicted an interaction between these two sites. In addition PIPE 

analysis successfully predicted the known interaction site between YBR079C and 

YNL243W [86] as well as the region responsible for dimerization of YMR159C [81]. 

All together, this data indicates a 40% success for PIPE to identify the previously 

reported interaction sites between proteins. We note that this success rate is measured 

from a very small data set since there is not much reliable data available that correctly 

identifies the sites of protein interactions. 

4.7.3 Ability of PIPE to detect novel protein-protein interactions 

The ability of PIPE to detect novel protein-protein interactions was examined by 

analyzing the potential interaction between a novel pair of proteins, YGL227W-

YMR135C for which no experimental interaction data was available when we ini

tiated this project. Little is known about the molecular function of these genes, 

but the inactivation of either YGL227W or YMR135C, also known as VID30 and 

GID8, respectively, are shown to alter proteasome dependent catabolite degradation 

of fructose-l,6-bisphosphatase (FBPase) [100]. PIPE analysis of this protein pair is 

shown in Figure 4.5(a). The peak score of 136 indicates that the proteins are capable 

of interacting with one another. This is in agreement with the phenotypic character

istics of the yeast strains in which either YGL227W or YMR135C is deleted. Both 

deletion strains are incapable of degrading FBPase [100]. To confirm the validity 

of the observed interaction, TAP tag methodology was employed. An advantage of 

TAP-tagging over other generic protein-protein interaction detection assays is that 

it detects those interactions that occur under native level of protein expression in the 

cell. Therefore, TAP tag identifies those complexes that really exist in vivo. As shown 

in Figure 4.5(b) when YGL227W is TAP-tagged and its corresponding complex is 

affinity purified, YMR135C is identified as an interacting protein partner. The LC-

MS MS analysis also indicated that YMR135C co-purified as an interacting partner 
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Figure 4.5: Novel protein-protein interaction identified by PIPE. With a score of 136 
in (a), PIPE analysis predicts an interaction between YGL227W and YMR135C. (b) 
TAP-tag analysis confirms the interaction between YGL227W and YMR135C. When 
YGL227W is TAP-tagged, YMR135C is purified as an interacting subunit (panel 
1). Reciprocal TAP-tagging of YMR135C also identifies YGL227W as an interacting 
partner (panel 2). Panels 3 and 4 show the purifications of TAP-tagged YGL227W 
strains in which either YDR255C (YDR255CA) or YMR135C (YMR135CA) were 
deleted, respectively. Deletion of YDR255C (panel 3) had no effect in the co-
purification of other subunits. However, when YMR135C (panel 4) was deleted, 
the interactions between TAP-tagged YGL227W and most other subunits were elim
inated. Panel 5 is used as a control and shows the purification of a strain, which is 
not tagged. 
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when TAP-tagged YGL227W was purified. The reciprocal tagging and purification 

of YMR135C confirmed this interaction. YGL227W was identified as an interacting 

partner when TAP-tagged YMR135C complex was affinity purified. The presence 

of YGL227W in the purified mixture was also verified by LC-MS MS analysis. All 

together, these data demonstrate that PIPE has the ability to successfully predict 

novel protein-protein interactions. 

Besides the obvious advantages of PIPE over TAP tagging (speed and the ease of 

use), PIPE can also be used to analyze yeast proteins for which TAP tagging fails. 

A genome-wide yeast TAP tagging project has indicated that out of the 6,466 yeast 

open reading frames, only 1,993 (or 31%) can be successfully TAP-tagged and puri

fied [36]. Data from the same authors [36] suggest that TAP tagging of YCR093W 

was unsuccessful. However, with a score of 60, PIPE analysis successfully identi

fied a previously known interaction between YCR093W and YPR072W [84]. Since 

the screening of yeast complexes to saturation using TAP tag has identified approxi

mately 62% of the expected yeast protein complexes [36], it might be expected that a 

different approach like PIPE may be able to contribute to the identification of some 

remaining interactions. 

4.7.4 Ability of PIPE to elucidate the internal architecture of protein 

complexes 

TAP tagging of YGL227W resulted in the co-purification of six other proteins (YIL017C, 

YMR135C, YDL176W, YIL097W, YBR105C and YDR255C) as indicated in Figure 

4.5(b). This suggests that YGL227W forms a novel protein complex with these 

proteins that here we term vid30 complex (vid30c). The presence of this protein 

complex is further confirmed by TAP tagging of YMR135C, which resulted in the 

co-purification of the same constituent subunits; see Figure 4.5(b). The internal ar

chitecture of this protein complex, however, remains unknown, as TAP tag has a 

limited ability to resolve the internal structure of complexes. To test the ability of 

PIPE to provide a better understanding of the internal architecture of protein com

plexes, we systematically analyzed protein pairs of vid30c constituent subunits using 
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PIPE. This resulted in the analysis of 21 protein pairs, the result of which is summa

rized in Table 4.3. This data was then used to generate a hypothetical representation 

Protein A 

YBR105C 
YBR105C 
YBR105C 
YBR105C 
YBR105C 
YBR105C 
YDL176W 
YDL176W 
YDR255C 
YDR255C 
YDR255C 
YDR255C 
YDR255C 
YIL017C 
YIL097W 
YIL097W 
YIL097W 
YMR135C 
YMR135C 
YMR135C 
YMR135C 

Protein B 

YDL176W 
YDR255C 
YGL227W 
YIL017C 
YIL097W 
YMR135C 
YGL227W 
YIL017C 

YDL176W 
YGL227W 
YIL017C 
YIL097W 
YMR135C 
YGL227W 
YDL176W 
YGL227W 
YIL017C 

YDL176W 
YGL227W 
YIL017C 
YIL097W 

Score 

5 
4 
27 
23 
4 
10 
75 
46 
4 
26 
17 
4 
5 

460 
6 
50 
29 
21 
136 
105 
9 

Table 4.3: Internal PIPE scores for vid30c. PIPE scores are used to show the potential 
interactions between the subunits of vid30c. 

of how the protein subunits might be interacting. As shown in Figure 4.6, vid30c 

seem to have a core component consisting of four subunits YGL227W, YIL017C, 

YMR135C and YDL176W. These four subunits seem to be in direct interaction with 

each other. The complex also seems to have a secondary component, the members of 

which (YIL097W, YBR105C and YDR255C) seem to interact with YGL227W and 

YIL017C only and not to each other. The hypothesized interactions among the sub-

units of the core component seem to have high PIPE scores suggesting high affinity 

and likelihood for interactions. The PIPE scores associated with the secondary com

ponents, however, tend to be lower. The highest PIPE score (460) was that for the 

interaction between YIL017C and YGL227W, which might be expected, as all the 
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Figure 4.6: Internal architecture of vid30c as suggested by PIPE. YGL227W, 
YIL017C, YMR135C and YDL176W all interact with each other with relatively 
high PIPE scores, and seem to form a core compartment of vid30c. YIL097W, 
YBR105C and YDR255C, with relatively lower PIPE scores, interact with YGL227W 
and YIL017C only, and not with each other, suggesting a secondary component of 
vid30c. PIPE scores are embedded within the connecting lines. The regions respon
sible for interactions are indicated. 

subunits of vid30c seem to interact with these two proteins. The lowest significant 

PIPE score was for YDR255C, which only had two significant scores, 25 and 17, 

for interactions with YGL227W and YIL017C, respectively, suggesting a low affinity 

(implied by a low PIPE score) for an interaction with vid30c. The hypothetical sites 

of interactions identified by PIPE are different in size. For example, YIL017C seem 

to interact with a small region of YBR105C (75-100), and with a relatively broader 

region of YGL227W (100-200). It also seems that each protein may have a specific 

region responsible for interaction with protein partners. This in turn may suggest 

that some of these proteins may compete for an interaction with the same partner. 

There remains the possibility however, that the broader regions (such as YGL227W 

region 100-200) may support simultaneous interactions with more than one protein 
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partners. 

To experimentally examine the information from PIPE analysis about the internal 

topology of vid30c, we made two gene deletion strains. For this purpose YDR255C 

and YMR135C were selected which have similar molecular weights (50 and 52 kD, 

respectively). According to PIPE, YDR255C has the lowest affinity to vid30c. There

fore, it might be expected that the deletion of this gene may be insignificant to the 

integrity of vid30c. However, PIPE analysis placed YMR135C in the core component 

of vid30c. Depending on the molecular function of YMR135C, it might be expected 

that the elimination of this protein may (or may not) alter the formation of vid30c. 

Therefore, two yeast deletion strains, YDR255CA and YMR135CA, were generated 

in which either the YDR255C or YMR135C gene was deleted, respectively, in a TAP-

tagged YGL227W yeast background. In agreement with PIPE analysis, TAP tagging 

of YDR255CA strain indicated that deletion of YDR255C showed no significant effect 

in the formation of vid30c; see Figure 4.5(b). Besides YDR255C all other members 

of vid30c co-purified with TAP-tagged YGL227W. However, when YMR135C was 

deleted (YMR135CA), the interactions between TAP tagged YGL227W and most 

other vid30c subunits were eliminated; see Figure 4.5(b). This suggests that vid30c 

was not formed in the absence of YMR135C. This is in agreement with PIPE analysis, 

which indicated a low affinity between YDR255C and vid30c, but placed YMR135C 

in the core component of vid30c with strong affinity to this complex. 

To estimate the success rate of PIPE in predicting the internal structure of protein 

complexes, we tested PIPE on 10 protein complexes (see Table 4.4). Each complex 

consists of three subunits, and the subunits are reported to be interacting with each 

other in a chain format, that is "A-B-C", where protein A interacts with B but 

not with C, and protein C interacts with B only. It should be noted however, that 

due to the technical limitations associated with the approaches used to generate our 

current view of the internal structure of protein complexes and in the absence of a 

sufficient number of studies on the crystal structural analysis of protein complexes, the 

topology of the reported complexes should be considered with caution. Regardless, 

these 10 protein complexes generated a total of 30 potential interactions, 20 of which 
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were shown to exist in interaction databases and 10 of which were shown not to. 

PIPE detected 13 interactions of the 20 shown to exist. It also detected 4 false/novel 

interactions of the 10 shown not to exist. In total, from the 10 protein complexes, 

PIPE detected 3 internal architectures identical to what was reported previously. It 

should be noted that due to the absence of more reliable data, this may not represent 

the true success rate of PIPE but instead represents the overlap between the existing 

small data set and the data generated by PIPE. 

Protein A Protein B Protein C 

YGR004W YLR324W YDL089W 
YPR119W YBR135W YDL155W 
YDR378C YER112W YJL124C 
YMR197C YOR036W YBL050W 
YPR185W YGR120C YPR105C 
YKL103C YAL034W YGR120C 
YBL026W YDL160C YEL015W 
YLR423C YGR113W YIL144W 
YDR084C YGL198W YPL095C 
YLR045C YCL029C YER016W 

Table 4.4: Set of protein complexes with previously reported internal structures. This 
list was used to evaluate the efficiency of PIPE to predict the internal architecture of 
protein complexes. Only the adjacent subunits are reported to be interacting. 

4.7.5 Discussion of the algorithmic approach 

The PIPE method predicts the likelihood of interaction between two query proteins 

A and B by measuring how often pairs of subsequences in A and B co-occur in 

pairs of protein sequences in the dataset that are known to interact. The amount of 

computation involved is substantial. For a pair of interacting proteins, on average, 

several hours of computation time were required for a standard desktop machine. 

This time was observed to be directly proportional to the number of re-occurrences 

of similar sequences in different interacting proteins in our dataset of interacting 

protein partners. As the number of corresponding sequences that co-occurred in 

the dataset increased, so did the computation time associated with analyzing the 

target protein pair. Similarly, the computation time required for non-interacting 
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protein pairs were observed to be significantly lower as the co-occurring sequences 

were absent in these pairs. In Chapter 5, we will discuss how considerable speed 

improvements were implemented to reduce this runtime. The original version of 

PIPE concentrates on the predictive precision of the method but we will discuss in 

Chapter 5 the process of applying more sophisticated data structures and algorithms 

to reduce PIPE's computation time. In addition, PIPE has been parallelized so that 

it can be executed on a processor cluster instead of a single workstation. 

4.8 Summary 

In this chapter we discussed the making of a computational tool, termed PIPE, which 

can effectively identify protein interactions among S. cerevisiae protein pairs. The 

sensitivity of this engine to identify true interactions is estimated to be 61%, which 

is comparable to that of the currently available generic biochemical assays used for 

large-scale detection of protein-protein interactions. PIPE has an estimated speci

ficity of 89%, which is a significant improvement over the currently available confi

dence rates for most other assays. In addition, PIPE considerably reduces the cost 

associated with detecting protein interactions by traditional biochemical methods. In 

Chapter 5, we will discuss how considerable speed improvements were implemented 

to reduce this runtime. Furthermore, by incorporating additional protein interaction 

data into PIPE's database, as well as using more precise tools for detecting similar 

short polypeptide sequences in different proteins (e.g. allowing for gaps), we hope 

to further increase the precision of PIPE in the future. In addition, the incorpora

tion of the data gathered from three-dimensional structures of proteins and protein 

complexes is also expected to further enhance the ability of PIPE to detect protein-

protein interactions. The fact that protein-protein interactions can be successfully 

detected from the amino acid sequences of proteins alone and without additional in

formation/predictions about the proteins has also led to the development of another 

version of PIPE for predicting interactions in other organisms. This version will be 

discussed in Chapter 6. 



Chapter 5 

PIPE2: Improving P I P E 

5.1 Introduction 

In the previous chapter we've introduced the PIPE algorithm and proven that it can 

be used to successfully detect protein-protein interactions in S. cerevisiae (budding 

yeast). However we also saw there were major obstacles to overcome before we can 

run all possible protein pairs in yeast or any other organism. Although PIPE is 

successful in identifying novel interactions, two issues preclude it from being used in 

a proteome-wide investigation to discover potential PPIs: i) it is computationally 

expensive requiring hours of computation per protein pair and ii) the 89% specificity 

would generate a tremendous number of false positives if applied to all possible protein 

pairs in a proteome. 

In this chapter we describe our efforts to systematically investigate all poten

tial yeast protein interaction pairs using an improved sequence-based computational 

method and develop a more comprehensive PPI map for yeast. With the creation of 

the second version of PIPE, called PIPE2 [95], we significantly increase the speed of 

execution and the specificity of PIPE. Analysis of the resulting network yields new in

sights into the protein interaction network and provides new avenues for investigating 

potential interactions not amenable with recent large-scale experimental investiga

tions. An online PIPE2 portal has been made available at http://pipe.cgmlab.org/ 

along with executable binaries and our complete dataset. A paper published by Pitre 

et al. [95] is partly the basis for this chapter. 

5.2 The Problem 

Due to the brute force exhaustive scan of the proteins and database in the PIPE 

algorithm, running a prediction on a single pair could potentially take hours of runtime 

50 

http://pipe.cgmlab.org/


5.3. TIME COMPLEXITY IMPROVEMENT 51 

on a single processor. It is easy to see that a genome-wide scan of yeast which contains 

roughly 6400 proteins and therefore a possible 20 million pairs could take millions of 

hours on a single processor (several years using hundreds of processors). The original 

PIPE algorithm's runtime needs to be improved by several orders of magnitude to 

make this experiment possible. 

The second issue with a genome-wide scan using the original PIPE algorithm is the 

number of expected false positives. We've seen that the specificity of PIPE has been 

estimated at 89%. While this value puts it above the traditional methods currently 

in use it still is too low to scan a large number of protein pairs. For example using 

100 pairs we could expect 11 false positives which could be acceptable depending on 

our requirements. However scanning 20 million pairs we could expect 2,200,000 false 

positives which is unacceptable when we take in account the predicted number of 

interactions in yeast varies between 16,000 and 26,000 [42]. Even a 99.0% specificity 

(1% false positives) would yield 200,000 false positives which is 8-12x larger than 

the expected number of true interactions. We can usually increase the specificity 

at the expense of lowering the sensitivity. An acceptable solution would increase 

the specificity so that the number of false positives is below the expected number of 

interaction while keeping the sensitivity high enough to still detect interactions. 

5.3 Time Complexity Improvement 

The speed improvements described in this section were done by Chris North as part 

of his M.C.S. thesis at Carleton University (greater details can be found there). 

5.3.1 Optimizing Window Comparisons 

Potential areas for improvement were obtained by function level profiling using the 

GNU profiling tool gprof. gprof uses time-domain sampling to estimate the amount of 

time spent in each function. It also implements automatic program instrumentation 

to determine the number of times each function is called and to record the call graph 

information during program execution. A profile of the original PIPE implementa

tion indicated that over 99% of the runtime was spent performing the fixed-length 

window comparisons. This realization led to two immediate optimizations resulting 
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in a considerable performance improvement. 

The first optimization converted the character-based amino acid representation 

to a binary representation. This simple change removed the need for a character-

to-index mapping function when applying the PAM120 similarity matrix. The opti

mization resulted in an 18x performance improvement when performing the window 

comparison operation. 

The second optimization involved implementing a sliding window approach for 

the window comparisons. This approach takes advantage of the amino acid sequence 

overlap in consecutive windows, thus reducing the number of PAM120 lookups re

quired. A similar optimization is used in the Paircomp comparative analysis tool 

[17]. This optimization resulted in a lOx performance improvement when performing 

the window comparison operation in PIPE. 

5.3.2 Pre—Computation &: Query Approach 

Despite the performance improvements achieved by the two window comparison op

timizations, the large scale investigation of all possible yeast protein pairs remained 

computationally infeasible. Other approaches to reducing the computational cost of 

PIPE were therefore required. 

One approach that proved fruitful was to eliminate the repetition of the same 

window comparisons throughout the evaluation of all possible protein pairs. In the 

original PIPE algorithm, each protein pair is evaluated independently and there is 

no mechanism for pre—computing or caching of sequence window comparisons be

tween query proteins and library proteins. By implementing such a mechanism it was 

believed that the overall runtime would improve due to a reduction in the number 

of repeated window comparisons at the expense of additional memory required for 

storing the previously computed comparisons. The implementation of this approach 

required two stages: the pre-computation stage and the query stage. During the 

pre—computation stage, all possible query protein windows are compared with all se

quence windows from all library protein sequences. Only those window pairs that 

are deemed to be similar are recorded. Once this initial one-time work is completed, 
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subsequent PIPE2 runs can use these results without re-computing the window com

parisons. The results of these comparisons are written to non-volatile storage media 

(e.g. local disk). During the query stage when a query protein pair is evaluated for 

possible PPI, the pre-computed window similarity information is loaded into main 

memory and can be rapidly queried as required. 

5.3.3 PIPE2 Pseudocode 

The PIPE2 algorithm is essentially the same as described in Chapter 4; the results 

are exactly the same but what changes is the amount of work being done. Instead 

of doing all the comparisons "on the fly", matches are pre-computed and stored on 

disk locally. Here we discuss the algorithmic differences and what the impact will be 

on the complexity, procedure PIPE2(G, H, A, B) 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

Input graph G 

Input query proteins A of length m and B of length n 

for every at in A of length w for i = 0 to (\A\ — w) do 

load list of proteins that match a, 

for every protein V that match â  do 

create a list R containing every neighbor of V in G 

for every protein X in R do 

for every bj in B of length w for j = 0 to (\B\ — w) do 

load list of proteins that match bj 

if list of proteins that match bj contains X then 

mm = H[m+i 
stop comparing again X and go to next neighbor in R 

end if 

end for 

end for 

end for 

end for 

return H 
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Prom the PIPE2 pseudocode we notice a lot of FOR loops have been removed. 

We no longer need to scan the entire protein list for a match for each â  since we 

have that list pre-computed and can simply be loaded instead. We also don't need 

to compare every window from protein B against every neighbor X in R since we can 

simply check if X appears in the list of proteins that match the correct window in B. 

Let us assume the worst-case that every protein in the graph G will match windows 

di and bi so that the lists we load in lines 4 and 9 will be of size |G|. Table 5.1 

below lists the cost in operations of each line and how many times each loop will be 

executed. As with the PIPE pseudocode we will ignore lines 1 and 2 and assume the 

query proteins and the interaction graph have already been loaded. We also assume 

the FOR-loops have not cost except the lines contained within them. 

Lines 
Line 3 
Line 4 
Line 5 
Line 6 
Line 7 
Line 8 
Line 9 

Line 10-12 

Costs 
-

0(\G\) 
-

0{\G\) 

0(\G\) 
-

0(\G\) 
0(1) 

Loops Executed 
0(\A\-w) 

-

0(\G\) 
-

-

0(\B\-w) 
-

-

Table 5.1: List of the PIPE algorithm pseudocode line costs and number of executions 

If we sum each line, the total complexity for the PIPE2 algorithm is: 

= 0(\A\ - w) • 0(\G\) • (0(\R\) + OQR\) • 0(\B\ - w) • 0{\G\)) 

And if we assume again that iu = l w e get: 

= 0(\A\) • 0(\G\) • (0(\R\) + 0(| iJ |) • 0(\B\) • 0(\G\)) 

= 0(\A\\G\\R\) + 0(\A\\B\\G\2\R\) 

We can see already that compared to the original PIPE complexity, PIPE2 is no 

longer dependant on the length of the proteins in the database (|V"| and |X| in the 

PIPE pseudocode). The number of proteins in the graph (|G|) becomes an important 
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factor in the complexity but that is simply because we assumed a fully connected 

graph. In reality, interaction graphs are VERY sparse and the number of neighbors 

per protein would be nowhere close to \G\. The fact that we don't have to do any 

window comparisons here (compare function in the PIPE pseudocode) explains the 

huge speedup discussed in the Results section of this chapter. 

5.4 Increased Sensitivity and Specificity 

In the original PIPE algorithm [94] a positive interaction was identified by applying a 

threshold test on the window comparison result matrix H. If the maximum value of 

H was above the minimum threshold value of 10, then query proteins A and B were 

deemed to interact. This yielded 61% sensitivity and 89% specificity over a relatively 

small test set of 100 positive and 100 negative interactions. However, if such a false 

positive rate of 11% were applied over 20 million possible pairs in an all-to-all experi

ment, we would expect to generate 2,200,000 false positives. Given that the expected 

number of total interactions in S. cerevisiae is estimated to lie between 16,000 and 

26,000 [42] it was necessary to increase the specificity to over 99.9%, thereby reducing 

the false positive rate to less than 0.1%. To this end, several threshold values were 

investigated to increase the specificity and reduce the false positive rate. Through 

a manual inspection of several result matrix 'landscapes', it was noted that true in

teractions often resulted in hill-like regions with broad support, while false positives 

were characterized as thin lines of high scoring pairs, which often reflected a local 

region of low complexity. In contrast to our previous approach of applying a moving 

average filter, we applied a median filter, which effectively eliminated thin line regions 

and maintained hill regions. For a cell c in the matrix, a median filter evaluates the 

surrounding / x / values / being the width of the filter and always being odd. Those 

f2 values are then sorted and the cell c is replaced by the median value (see Figure 

5.1). 

Unfortunately, the median filter is computationally expensive - a naive implemen

tation of the median filter initially took longer than the entire PIPE2 algorithm for 

large filter sizes. Since the median filter relies on sorting the f2 within the filter area 

we can bound the running time on an n by m matrix by mnf2 log2 f
2 for a filter of 
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Median 

T 
f • 

1 Values sorted in increasing order 

m 

Figure 5.1: A median filter assigns the median value of an fxf matrix centered by 
cell c. 

width / . Of course this upper bound assumes we must sort the f2 numbers from 

scratch at every step. Instead we can take advantage of the fact that we can move 

the filter by one cell at every step. In Figure 5.2(b) and (c) we can visualize what 

happens when a 3 x 3 filter moves right by one position in the matrix: three new 

cells are added to the filter area (rightmost column in the filter area) and three are 

removed (leftmost column in the filter area). By moving the filter in a snake-like 
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Figure 5.2: An example of running a 3 x 3 binary median filter on a 5 x 5 matrix, 
(a) Movement of the filter in the matrix, (b) Filter area for cell (1,1), the center cell 
being the value modified in this step, (c) The resulting matrix after applying the 
binary median filter to the matrix shown in (b). 

fashion (5.2(a)) we see that at every move of the filter (right, left, down or up) this 

will always remain true. Once the first filter area has been sorted (for matrix posi

tion (0,0)) it can be updated at every step by performing three deletions and three 

insertions. With this slight improvement we can reduce the runtime of the median 

filter to: f2 log2 f
2 4- 2f2mn (f2 log2 f

2 to sort the first filter area, then for every 

filter move we must delete / numbers from the filter area and insert / numbers, each 

insert/delete taking at most / operations). For a 3 x 3 filter and two query proteins 

of length 500AA (m = 500, n = 500) this reduces the number of operations from 
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7.1M using the naive approach to 4.5M using the snake-like method (1.58x less op

erations) . Increasing the filter size will of course yield even better improvements (by 

~ l°S2(/2)/2 less operations). This runtime was still considered too high since for 

larger proteins (> 500 A A) the filter would often take longer to run than the PIPE2 

prediction algorithm. 

In order to reduce running time further, the filter was modified such that if there 

are more zero neighbors of c than non-zeros, c is changed to 0, otherwise c is changed 

to 1. This eliminates sorting and speeds up the filtering, particularly with large filter 

sizes. This counting method reduces the runtime of the filter on an m x n matrix 

to: f2 + 2/mn. In our previous example with two query protein of length 500AA 

and a 3 x 3 filter, this simplified binary median filter further reduces the number of 

operations from 4.5M to 1.1M. 

We can calculate the speedup over the naive median filter implementation as: 

= / 2 m n log 2 / 2 

P 4- 2 /mn 
Q(2/ 2 mnlog 2 / ) 

0 (2 /mn) 
= 0 ( / l o g 2 / ) . 

We can also calculate the speedup over the snake-like median filter implementation 

as: 

/ 2 l o g 2 / 2 + 2/ 2mn 

f2 + 2/mn 
Q(2/2mn) 

0 (2 /mn) 

= 0(f). 

We can see that in general, this approach yields a reduction of operations by a 

factor of 0 ( / l og 2 / ) compared to the naive median filter implementation or by O(f) 

compared to the snake-like median filter. 

Following the application of the binary median filter, the average value of H is 

then compared to a threshold value to determine whether the proteins are interacting. 

The filter size and threshold value were optimized via leave-one-out cross-validation 
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(LOOCV) tests over a true positive dataset and a true negative dataset (Figure 5.3). 

Each experiment consisted of running the positive and negative datasets through 

PIPE2 while varying the filter size as well as the average cutoff while measuring 

the sensitivity and specificity. Traditionally, AUC (Area Under the Curve) is used to 

quantify and compare different ROC curves. Although the AUC would indicated how 

well the algorithm is doing in general for all cutoffs, the large number of expected 

false positives at low specificities leads us to only concentrate on a small section of the 

curve (typically > 90% specificity). Therefore the AUC would not be indicative of the 

performance we are looking for at high-specificities and will not be shown for the ROC 

curves. The true positive dataset was generated by taking the intersection of reported 
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Figure 5.3: Receiver Operating Curve (ROC) by varying filter size and average cutoff. 
A binary median filter size of 3x3 with a threshold of 0.45 provides optimal sensitivity 
to achieve a false positive rate of 0.001. Insert: A closer look at the curves for high 
specificities (> 99.9%). 

PPIs from BioGRID [119], Krogan et al. [61] and our original dataset for PIPE [94] 

which yielded 1,274 interactions. Since these PPIs were independently reported in 

at least three studies, these were considered to be 'true positive' interactions for the 
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purpose of evaluating the sensitivity of PIPE2. In order to measure the specificity of 

PIPE2, we also needed a negative dataset of approximately the same size but since 

a large negative database does not exist it had to be created. A true negative set of 

1274 pairs was constructed by choosing two proteins at random [13] then checking to 

make sure that the candidate negative pair is not reported in either our database or in 

BioGRID [119]. During LOOCV testing, each of the 1274 positive pairs from the true 

positive dataset is removed individually from our PPI library prior to running that 

pair through PIPE2. This prevents our algorithm from identifying a pair as positive 

simply because it is already present in our database. Two types of experiments were 

performed: "No filter" and "Filter and Cutoff'. For the "No filter" experiment the 

average cutoff threshold was varied from 0.0 to 1.5 in 0.01 increments. In the "Filter 

and Cutoff' experiments the filter was varied from 3x3 to 11x11 and the average 

threshold from 0.0 to 1.0 in 0.01 increments. The results of this experiment are 

illustrated in Figure 5.3. For these experiments, the desired specificity was fixed at 

99.9% and the sensitivity to true positive interactions was optimized through filter 

design and selection of average threshold. It can be seen from Figure 5.3 that the 

combination of the median filter and application of a cutoff on the average value 

is important to achieve reasonable sensitivity rates when we set our goal specificity 

to 99.9%. A filter size of 3x3 and average cutoff of 0.45 achieves a sensitivity of 

14.6% while meeting our design constraint of a specificity of 99.9% over the test 

set (accuracy of 88.7%). Increasing the filter size beyond this point unduly lowers 

the sensitivity, while lowering the average cutoff lowers the specificity below 99.9%. 

As reported we have seen in Chapter 4, actual sites of interaction may often be 

determined through examination of the window comparison output matrix H. When 

this matrix is visualized as a landscape, the actual interaction sites may appear as a 

steep hill or peak. Note that for high-throughput all-to-all applications of PIPE2, 

the matrix H is not reported due to resource constraints. However, for more detailed 

analysis of individual protein pairs, the raw matrix (i.e. prior to application of the 

binary median filter) is made available to the user. 
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5.5 Results 

5.5.1 Performance Speedup 

PIPE2 incorporates two window comparison optimizations and one structural change 

over the initial algorithm. Table 5.2 shows each change along with the average single-

processor runtime per PPI prediction and the overall performance improvement over 

the original PIPE implementation. These runtime numbers were obtained after run

ning the program on the same set of 1,000 randomly chosen protein pairs. 

The PIPE2 implementation resulted in a 16,150x performance improvement over the 

Version 

Original PIPE 
+ Digital Alphabet Optimization 
+ Sliding Windows Optimization 
+ Pre-Computation / Query Approach (PIPE2) 

Average Runtime 

6,944.40 sec. 
389.65 sec. 
160.53 sec. 
0.43 sec. 

Speedup 

lx 
18x 
43x 

16,150x 

Table 5.2: Successive performance improvement of PIPE to PIPE2. Using all im
provements PIPE2 now runs more than 16,000 times faster than the original PIPE 

original algorithm and implementation. This made it possible to run PIPE2 against 

all 20 million protein pairs in S. cerevisiae in approximately two days using a 76-

processor Linux Cluster rather than the estimated 50 years that would have been 

required using the original algorithm. The tremendous performance improvement 

credited to the Pre-computation / Query Approach is not entirely accurate since it 

does not take into account the time spent performing the pre-computation of all pos

sible window comparisons. However, this pre-computation time (30 minutes) is only 

a small percentage (1%) of the total all-to-all runtime (48 hours on 76 processors), 

so the improvements provided by this new approach are still significant (14,775x). 

The motivation for the Pre-computation / Query Approach was to eliminate the 

repetition of the same window comparison throughout the evaluation of all possible 

protein pairs. In order to explain the speedup achieved, counters were added to the 

original PIPE implementation and the fully optimized PIPE2 implementation (pre-

computation stage only) to keep track of the total number of window comparisons 

performed. When both PIPE and PIPE2 were applied to a set of 1,000 randomly 

chosen protein pairs and then extrapolated to the entire all-to-all experiment for 
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S. cerevisiae, PIPE2 was estimated to perform 25,000 times fewer window compar

isons over the original PIPE algorithm, which explains the tremendous performance 

improvement provided by the Pre-Computation / Query Approach. 

5.5.2 Evaluation of sensitivity and specificity 

In Section 5.4-'Increased Sensitivity and Specificity, we tuned our parameters by using 

a true positive set and a true negative set of 1274 pairs each. In order to better eval

uate the specificity of PIPE2, a larger set of true negatives was needed. Therefore, 

we constructed a negative set of 100,000 randomly chosen pairs as explained in [13] 

that are not reported in either our database or in BioGRID [119]. To evaluate the 

sensitivity of PIPE2, we used the true positive dataset of 1,274 interactions by taking 

the intersection of reported PPIs from bioGRID [119], Krogan et al. (S7 set) [61] and 

our original dataset for PIPE [94]. For the true positive dataset, PIPE2 correctly 

identified 186 pairs as true positives (1,088 false negative), which results in a sensitiv

ity of 14.6%. For the true negative dataset PIPE2 correctly identified 99,946 as true 

negatives (54 false positives) yielding a 99.95% specificity. It should be noted that 

such a randomly selected negative dataset may in fact contain some novel interactions 

that have not been yet reported. This may suggest that the specificity of PIPE2 may 

in fact be better than the one observed here. Also it is possible to adjust the filter 

size and the cutoff to increase the sensitivity at the expense of lowering the specificity 

as shown in Figure 5.3. For example if we are willing to accept 90% specificity, we 

can increase the sensitivity to « 55% simply by changing the cutoff for the average 

score after filtering. 

5.5.3 All-Against-All Experiment 

With the algorithmic improvements described above and the resulting speed improve

ment, it became feasible to scan the entire S. cerevisiae genome for possible interac

tions. Each of the 6,304 proteins was assessed against all others, resulting in a total 

of 19,867,056 possible pairs. Every pair was evaluated using PIPE2 with the optimal 

median filter design and average threshold applied. The experiment was run on a 

cluster of 38 dual-processor nodes (76 x Intel Xeon 2.0 GHz, 1.5GB RAM) and took 
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roughly 48 hours to complete. Note that, unlike experimental techniques such as 

TAP tag, it was possible to evaluate all possible protein pairs, including proteins not 

amenable to tagging. The resulting interactome is compared with those generated by 

previous Y2H and TAP tag studies. The predicted PPI's are also evaluated in terms 

of sub-cellular localization, process and function from GO Slim annotation obtained 

from the Saccharomyces Genome Database (SGD) [27]. Table 5.3 lists how the GO 

Slim categories for localization were collapsed. 

Group Name 

Cytoskeleton 

Cell wall/bud and 
site of polarization 

Chromosome 

Cytoplasm 

Membrane 

Organelles (besides 
nucleolus) 

Nucleolus 

Nucleus 

GO Slim compartments 

Cell cortex, Cytoskeleton, Microtubule organizing center 

Cellular bud, Cell wall, Site of polarized growth 

Chromosome 

Cytoplasm 
Cytoplasmic membrane-bound vesicle, Endomembrane 
system, Endoplasmic reticulum, Membrane, Membrane 
fraction, Plasma membrane 
Golgi apparatus, Mitochondrion, Peroxisome, Ribosome, 
Vacuole 

Nucleolus 

Nucleus 

Table 5.3: GO Slim compartment groups. The groups not shown here did not asso
ciate with any yeast proteins and have therefore been omitted from analysis. 

5.5.4 Genome—Wide PPI Predictions 

We ran all 19,867,056 possible pairs of S. cerevisiae proteins through PIPE2 in order 

to evaluate all possible interactions. This resulted in 29,589 pairs detected as positive 

interactions. Of these, a slight majority 15,151 (51.2%) have been previously reported, 

leaving 14,438 as novel interactions that have not been previously reported in any of 

the databases of interacting proteins (DIP), SGD [21], or BioGRID [61] at the time 

of the experiment (January 2007). Interestingly, since then, 373 of our 14,438 novel 

protein interactions (2.6%) have been added to BioGRID. Table 5.4 compares the 

total number of interactions, average and maximum degree of nodes (interactions 
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for each protein) and the number of unique proteins participating in interactions 

according to PIPE2, Gavin et al. [36], Krogran et al. (S7) [61], Ito et al. [51] and 

Uetz et al. [127]. 

Database 

PIPE2 

Gavin et al. [36] 

Krogan et al. [61] 

Ito et al. [51] 

Uetz et al. [127] 

Number of 
Interactions 

29589 

7698 

7123 

4007 

862 

Avg. Degree 
of Nodes 

11.50 

8.90 

5.25 

2.72 

1.82 

Max. 
Degree of 

Nodes 

434 

89 

141 

239 

21 

Number of 
Unique 

Proteins 

5147 

1708 

2708 

2944 

927 

Table 5.4: Comparison of interaction maps between PIPE2 and other high-
throughput studies. PIPE2 predicts more interactions using more unique proteins 
than the other compared methods. 

Compared against the TAP tag studies, we observe that proteins in the PIPE2 

dataset have slightly more interaction partners on average (11.9) than Gavin et al. 

(8.9) and approximately double the average found in Krogan et al. (5.25). It is 

also important to note the significantly increased number of unique proteins found in 

the PIPE2 dataset compared to Gavin et al. and Krogan et al. (approximately 3 -

and 2-fold, respectively). Similarly, when compared against Y2H studies, the PIPE2 

dataset contains almost twice the number of unique proteins compared to Ito et al. 

and over five times more than Uetz et al.. These observations may demonstrate one 

of the strengths of the PIPE2 approach: some PPIs that could not be processed by 

experimental methods can still be investigated by PIPE2. 

5.5.5 Comparing PIPE2 Data to Those Obtained by Genome-Wide Ex

perimental Approaches 

It has been previously explained that the overlap between various interaction maps ob

tained using different methods is very small [4, 23, 34, 127]. A comparison study car

ried out by Aloy and Russell in 2002 showed a low level of overlap among two-hybrid, 

affinity purification, mass spectrometry, and bioinformatics methods [4]. Figure 5.4 
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shows the overlap between PIPE2 data and those of other genome-wide experimental 

studies. 

PIPE2 identifies 96.3% of Ito et al. [51] and 91.3% of Uetz et al. [127] reported 

interactions, while Uetz et al. cover only 4.32% of Ito et al. and 20.1% vice versa 

(Figure 5.4(a). Figure 5.4(b) presents the overlap between the PIPE2 results and 

TAP tag studies by Krogan et al. [61] and Gavin et al. [36]. PIPE2 covers 48.6% of 

the interactions in Gavin et al. and 23.0% PPIs reported by Krogan et al. Gavin et 

al. contains 23.9% of Krogan et al. and 21.9% vice versa. The diagonal bold numbers 

in the table show the number of interactions in each database. Exclusion of PIPE2 

data highlights the little overlap between the other databases especially between the 

data obtained by Y2H and TAP tag methods. For example Gavin et al. contains 

only 2.89% of the interactions found in Ito et al. and 1.53% vice versa. 

P1PE2 PIPE2 
(29589) (29589) 

/ 25102 ^ / 25425 \ 

^ 6 2 9 / 3700 \ / ' : ,2563/ 474 X \ 

\ / 158 \ / \ v / 1127 \ 

64 15 172 j \ 337(A ^ 4984 / 

\ V , y \ \ • / 
Uetzetal " ' Itoetal Gavin etal ~~ "~^~ -^ Krogan el al 

(866) (4045) (7598) (7123) 
(a) (b) 

Figure 5.4: Comparing PIPE2 data to those obtained by A) Y2H and B) TAP tag 
experiments. The overlaps represent the number of interactions which are common 
between different databases. There seems to be a significant overlap between PIPE 
data and those of others. This overlap is even more notable for the data gathered 
using Y2H, which is similar to PIPE2, and designed to study an interaction between 
two target proteins. 

5.5.6 Overlap Between PIPE2 Data and Those of Other Large-Scale 

Computational Experiments 

Recently, other large-scale computational PPI experiments were published such as 

InSite [131] and Betel et al. [15] that attempt to predict PPIs in yeast. InSite bases 
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its predictions on a set of affinity parameters between pairs of motifs or domains 

for the query proteins. The published InSite database contains 78,181 protein in

teractions between 4,450 proteins. The lack of a clear specificity for InSite however, 

makes the interpretation of this database very difficult. The Betel et al. method 

uses domain-motif interactions based on structure templates of domains of interest. 

Their database contains 18,458 interactions between 2,311 proteins. As indicated in 

PIPE2 
(29589) 

Figure 5.5: Comparing PIPE2 data to those obtained by other large-scale compu
tational experiments. 34.5% of PIPE2 database is found in InSite but only 2.7% of 
PIPE2 database is shared with Betel et al. InSite and Betel et al. also share little 
overlap with 0.7% of Insite found in Betel et al. 

Figure 5.5, PIPE2 data seems to have a better overlap with InSite but less so with 

Betel et al. (34.5% and 2.7% respectively). This may not be a surprising observation 

as the method behind InSite that uses affinities between different motifs, has more 

resemblance to that of PIPE2 that uses re-occurrence of short polypeptide sequences. 

For the most part Betel et al. utilizes predefined domains within structural data 

with limited availability of detailed binding information. This may explain the small 

overlap between Betel et al. and PIPE2 which does not utilize such predefined infor

mation. It should be noted that InSite also has very little overlap with Betel et al. 

(0.7%). 

5.5.7 Cellular co—localization of predicted interactors 

A summary of the interactions having both proteins localized to the same sub-cellular 

compartment is shown in Figure 5.6. Localization information in the form of GO 
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Slim annotation was obtained from SGD [27]. A total of 9,412 pairs (31.8%) were 

co-localized to the nucleus (38.9%), cytoplasm (25.4%), organelles (except nucleus, 

15.19%) and membrane (9.84%). The remaining pairs ( « 10.7%) were located else

where. Therefore, according to PIPE it seems that the majority of the PPIs take 

place in the nucleus followed by the cytoplasm in a cell. Figure 5.7 also shows a com

parison of these numbers with Gavin et al. [36], Krogan et al. [61], Uetz et al. [127] 

and Ito et al. [51] which indicates that the overall pattern for co-localized protein 

pairs is very similar for all the datasets including PIPE2. Figure 5.8 illustrates the 

a: 4.31% 

H I a: Cytoskeleton 

FPl b: Cytoplasm 

| | c: Organelles 
(except nucleus) 

[7] d: Membrane 

H e: Cell wall/bud and 
site of polarization 

B i f: Chromosome 

| | g: Nucleolus 

• I h: Nucleus 

Jl ' .d: 13.31% 

g: 5.76% 

f: 0.91% e:2.81% 

b: 20.40% 

c: 13.83% 

Figure 5.6: Co-localization of PIPE2 predicted interactors. 

absolute number of co-localized interactions across PIPE2 predictions in comparison 

with other large-scale experiments. The total number of co-localized pairs for each 

dataset is as follows: 9,412 for PIPE2, 3,692 for Gavin et al, 3,283 for Krogan et 

al. (S7), 348 for Uetz et al. and 1,435 for Ito et al. (see Table 5.5). Furthermore, 

Figure 5.8 shows for each location the number of novel co-localized PIPE2 interac

tions in comparison with the number of previously known co-localized interactions 

(union of other datasets), which is now reported by PIPE2. A large number of novel 

co-localized interactions are found for the nucleus and cytoplasm. PIPE2 generates 

more co-localized interactions than the experimental methods in seven out of eight 

categories. PIPE2 predicts almost 4.5 times more interactions in membrane over that 

with the second highest count (Ito et al). The percentage of interacting pairs which 

had different (non-matching) locations in the PIPE2 interaction list is approximately 
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Q. 40% 

PIPE2 • 
Gavin et al • 

Krogan et al D 

Figure 5.7: Co-localization percentage of predicted interactors for PIPE2 and high 
throughput experiments. The overall pattern for co-localized protein pairs is very 
similar for all datasets. 

38.4%. This is similar to the other experimental datasets: 33.9% for Gavin et al., 

30.17% for Krogan et al, 34.51% for Uetz et al. and 36.65% for Ito et al. Due to 

the incomplete and error-prone location data there is no reason to suspect that these 

interactions are any less valid than the co-localized interactions. 

5.6 Investigating the Validity of the Identified PPIs 

Interacting proteins generally participate in functionally related processes [58, 135]. 

Consequently, sharing functional properties may provide further validations for the 

predicted interactors. To investigate the validity of observed interactions, we ran

domly selected three sets of one hundred (3 x 100) protein pairs from the 14,438 novel 

PIPE2 interactions. We then investigated primary literature to manually determine 

the common functional information for each pair. The results of this analysis are 

shown in Table 5.6. It was observed that 20, 22 and 17 interacting pairs, in the 

three selected sets of novel protein pairs, respectively, also had a previously reported 

functional relationship. For example, the novel interaction detected for YDL213C and 
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Figure 5.8: Co-localization of predicted interactors for PIPE2 and high throughput 
experiments. The location of interacting pairs does not seem to affect the ability of 
PIPE2 to predict an interaction. Besides nucleolus, PIPE2 predicted more interac
tions in all other cellular locations. PIPE2 detected almost 4.5 times more interactions 
in membrane than the second highest count (Ito et al.). PIPE2 data is divided to 
two categories of novel, and those that overlap with the union of others. 

YKR092C was supported by their previously reported functional roles in ribosome as

sembly [21]. Hence, 59 of the possible set of 300 novel interactions detected by PIPE2, 

or 20%, can also be supported by a functional relationship. Similarly, a second poten

tial line of validation for an interaction might be that the interacting proteins often 

have common interactors (common third protein interaction) [19, 94]. Our manual 

survey of interaction databases from primary literature indicated that 49, 45 and 46 

protein pairs among the three selected sets of novel interactions, respectively, had 

previously reported common interactions with at least one other protein (Table 5.6). 

Hence, 140 of the possible set of 300 novel interactions detected by PIPE, or 47%, 

can also be supported by a previously reported common interaction. For example 

it was observed that the two novel interacting proteins YKL068W and YML007W 

both had previously reported interactions with three common proteins YER110C, 
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Location 

Cytoskeleton 

Cytoplasm 

Organelles (besides nucleus) 

Membrane 

Cell wall/bud and site of polarization 

Chromosome 

Nucleolus 

Nucleus 

Total 

PIPE2 

211 

2392 

1430 

926 

110 

100 

672 

3571 

9412 

Gavin 
et al. 

29 

655 

837 

118 

26 

34 

710 

1283 

3692 

Krogan 
et al. 

54 

765 

508 

84 

9 

75 

327 

1469 

3283 

Uetz 
et al. 

9 

126 

44 

28 

2 

3 

15 

121 

348 

Ito et 
al. 

42 

484 

215 

181 

13 

9 

25 

466 

1435 

Table 5.5: Comparison of interaction maps between PIPE2 and other high-
throughput studies. 

YGR218W, and YMR047C [2, 51, 137]. Interestingly these three common interac-

tors are all involved in a similar process of nuclear protein transport. Altogether, 

39 of the 300 novel pairs, or 13%, were supported by both a functional relationship 

and the presence of a third common interacting partner (Table 5.6). Similarly 199 

of the 300 interactions, or 66%, were supported by at least one of the investigated 

additional lines of evidence. We then include GO Slim annotation [27] from the SGD 

Set 
Number 

1 

2 

3 

Total 

Evidence based 
on function 

20 

22 

17 

59 

Evidence based 
of 3 r d interaction 

49 

45 

46 

140 

Both lines 
of evidence 

17 

13 

9 

39 

Either lines 
of evidence 

69 

67 

63 

199 

Table 5.6: Analysis of PIPE2 data using functional relationship and the presence of 
a common interactor, using data from primary literature. 

database to investigate the entire set of 14,438 novel PPIs detected by PIPE2 for the 

presence of a relationship between the interacting partners which may support the 
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validity of an interaction (Figure 5.9). The investigated information included sub

cellular localization (compartment), cellular process, molecular function and common 

third party protein interaction. Each of these common features is represented by a 

different circle in Figure 5.9 and the overlaps indicate the number of pairs that share 

additional features. As indicated in Figure 5.9, 8,712 novel interactions (total number 

of interactions shown in Figure 5.9), or 60% (calculated by 100 X [number of novel 

interactions with at least one common feature]/[total novel interactions] or 100 X 

8,712/14,438), possess at least one additional common feature for the novel interact

ing proteins. Similarly, 3,319 (overlaps between two or more circles), 885 (three or 

more circles), and 148 (four circles) protein pairs showed at least 2, 3 and 4 common 

features, respectively (Figure 5.9). These categories of the novel PPIs may also be 

used by researchers to prioritize their confidence in the predicted interactions. 

Compartment 

1179 " " " ^ 
x \ \ \ 

1 151 8o 101 , \ 
. \ 

/ \ . . - • " ' ' • • • ! 

Process; 355 ; 276 148 262 420 ; I Function 
\ ' I 

; /i 

{? 305 1 1 9 355 / 

3439 $--/ 

3rd Party Interaction 

Figure 5.9: Analysis of PIPE2 novel interactions by compartment, function, process 
and third common protein interaction. A different circle represents each feature. 
Protein pairs represented here (8,721) indicate those that share at least one common 
feature (of 14,438 total novel pairs). Overlaps represent additional common features. 
Dashed lines connect overlapping areas for compartment-third party interaction and 
process-function. 
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5.7 PIPE2 Data Can Reveal Novel Protein Complexes 

Protein complexes are formed from the interaction of two or more functionally re

lated proteins to carry out a specific cellular function. More than 500 protein com

plexes have been previously reported in yeast [98]. It is estimated that this number 

might in fact be closer to 800 [40]. Consequently, there may remain many complexes 

which are yet to be identified. Here we have identified over 14,000 novel interactions. 

Therefore it might be expected that this information can be used to determine new 

members of previously determined complexes or to discover novel protein complexes. 

In particular, membrane proteins often provide a challenge for the experimental PPI 

identification methods. PIPE2 novel predictions revealed that four characterized or 

putative membrane proteins belonging to the family of DUP240 proteins, YGL051W, 

YAR027W, YAR028W and YCR007C interact with each other and with four other 

proteins YAR033W, YOR307C, YLR065C and YKL174, and form a 4-member core 

for a complex of 8 interacting proteins. DUP240 proteins form a family of trans-

Figure 5.10: A novel yeast complex revealed from PIPE2 data. YAR027W, 
YGL051W, YCR007C and YAR028W interact with each other as well as all other 
proteins and may represent the core of the complex. Besides YLR065C, which is 
uncharacterized, all other proteins are thought to be involved in vesicle formation or 
function. Consequently, these interactions may also suggest a vesicle associated role 
for YLR065C. 
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membrane proteins, which are believed to be involved in vesicle formation [96, 107]. 

YAR033W is another member of the DUP240 family. YOR307C and YKL174C are 

two vesicle-associated proteins, and YLR065C is an uncharacterized open reading 

frame of unknown function. Such common functional properties of these proteins 

may provide further support for the predicted interactions. In addition, it is well-

documented that functionally related proteins often interact with each other [19, 58]. 

Consequently, based on the novel interactions that PIPE2 predicted for YLR065C, 

it can be hypothesized that YLR065C may have a putative role in vesicle formation 

or function. In agreement with this hypothesis, it has been shown that YLR065C in 

combination with either YGL020C or YER083C results in a synthetic lethal genetic 

interaction, both of which are reported to be involved in retrograde vesicle—mediated 

transport from Golgi to endoplasmic reticulum [87, 108]. 

5.8 Novel Information Extracted From PIPE2 Data 

Non-homologous end-joining (NHEJ) is a DNA repair mechanism by which the two 

ends of a double-stranded DNA break (DSB) rejoin in the absence of a significant 

homologous template. A number of different proteins and processes have been shown 

to affect the efficiency of NHEJ in S. cerevisiae and other eukaryotes. This number 

is continuously growing [54, 60, 78], suggesting that there remain other undiscov

ered proteins capable of affecting the efficiency of this DNA repair mechanism. It 

is well established that functionally related proteins often interact with each other. 

Therefore, to further investigate the biological relevance of PIPE2 data, we stud

ied PIPE2's novel PPIs to discover potential gene candidates that may be involved 

in NHEJ. We observed that YDL012C and YOL012C form novel interactions with 

YMR106C (yku80), a key factor in NHEJ [24] and YLR442C (Sir3), also known to 

affect the efficiency of NHEJ [123]. YDL012C is an uncharacterized open reading 

frame and YOL012C is a histone variant involved in regulation of transcription and 

chromatin silencing [66]. Neither of these proteins has been directly linked to NHEJ. 

Based on the observed interactions we hypothesized that these two proteins might 

be involved in NHEJ. To examine a possible role for YDL012C and YOL012C in 
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NHEJ, we subjected their gene deletion yeast strains to a plasmid repair assay anal

ysis [52, 78]. In this approach, target and control yeast strains are transformed in 

parallel with the same amount of intact and linearized plasmids. The region around 

the site of linearization, which is generated by restriction digestion, has no homology 

to the yeast chromosome. Consequently, those strains that have compromised NHEJ 

show deficiency in circularizing the plasmid and thus form fewer colonies on a selective 

media. It was observed that in the absence of YDL012C and YOL012C, yeast cells 

had reduced efficiency in repairing linearized plasmid (Figure 5.11). These observa-
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Figure 5.11: Plasmid repair efficiencies of yeast deletion mutants. The ratio of the 
number of colonies formed after transformation with linearized plasmid to that formed 
with the intact plasmid is used to represent the efficiency of NHEJ. This ratio for 
yku80A, yol012cA and ydl012cA is 0.04±0.01, 0.19±0.12 and 0.27±0.08, respectively. 
Each experiment is repeated at least four times. Yku80 is a key factor in NHEJ and 
its deletion strain (yku80A) is used as a positive control. WT is the wild-type strain. 

tions suggest that both YDL012C and YOL012C affect the efficiency of NHEJ. These 

data further indicate that novel biologically meaningful information can be extracted 

from PPI data gathered by PIPE2. It should also be noted that further investigation 

is required to elucidate the mechanism by which these two proteins affect NHEJ. 
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5.9 Summary 

The 16,150x fold performance increases to the PIPE program made possible the first 

all-to-all sequence comparison based on re-occurring motifs leading to over 14,000 

new interactions. PIPE2 can on average predict the interactions for two protein pairs 

per second, which is substantially faster than the previous one pair per two hours. 

Running an all-to-all experiment on S. cerevisiae ( « 6,300 proteins, « 20M pairs) 

with the original PIPE was expected to take over 60 years even when using a cluster 

of 76 processors (over 4,500 years using one processor). With the improved speed of 

PIPE2 we are now able to complete this task in approximately 2 days of computation 

time. The reduced computational requirements also allowed us to refine our method 

by running thousands of pairs of known positives and negatives instead of being 

confined to our initial sets of 100 positives and 100 negatives. It also enabled us to 

revise our threshold function for determining whether or not a pair interacts thereby 

increasing the specificity to 99.9%. This is critical when running a large number of 

pairs since a large number of false positives will be generated even if the specificity 

is relatively high. When evaluating only 100 pairs, the 89% specificity of the original 

PIPE is expected to generate 11 false positives, but for 2M pairs the original PIPE 

would have reported approx. 2,200,000 false positives, which is unacceptable for 

large-scale investigations. PIPE2 solves this problem. 

Previous genome-wide analyses of PPIs have predominantly relied on Y2H and 

TAP tag methodologies. These techniques are both time and labor intensive and 

they both have high rates of false positive and false negatives results associated with 

them (RS 45% false positive rate for Y2H and 15-50% false positive rate for TAP 

[29]). These two methods have inherent advantages and disadvantages. For example, 

TAP tag obtains interaction information from a more natural environment since the 

physiological conditions are more realistic than those created by Y2H. However, like 

all affinity purification methods, TAP tag also suffers from co-purification of contam

inants. Additionally, it is often difficult to differentiate between direct and indirect 

(i.e. via a third partner) interactions using TAP tag. Another common limitation for 

these techniques is that they cannot be applied to all proteins without discrimina

tion. In TAP tag, the double tag fusion to the target protein may interfere with the 
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formation of some complexes or cause a mutant phenotype [35, 133]. In Y2H, not all 

proteins can be safely over-expressed and not all proteins can find their way into the 

nucleus which is required for the successful detection via Y2H [58]. Such limitations 

resulted in small overlaps between the PPI data collected using different approaches 

and even little reproducibility using the same method in different experiments [35]. 

This lack of overlap suggests the presence of more undiscovered PPIs. 

Here, using re-occurring short polypeptide sequences between known interacting 

protein pairs, we systematically investigated all possible interaction pairs (approxi

mately 20M) between all yeast proteins. In this way we have identified 29,589 PPIs, 

approximately 15,000 of which were previously reported interactions. The overall 

overlap between PIPE2 data and the data from other large-scale investigations are 

very similar to the overlap observed between previous experimental procedures (See 

Figure 5.5). This is somewhat expected considering the differences in the method

ologies applied in these investigations. The observed average node degree of 11.5 

identified by PIPE2 does not differ greatly from the average of 8.91 observed by 

Gavin et al. [36]. It is, however, significantly higher than those observed in other 

genome-wide investigations. This is not a surprising observation given the higher 

overall number of interactions observed with PIPE2. 

PIPE2 identified approximately 14,000 novel interactions. This may stem from 

the ability of PIPE2 to investigate all proteins without discrimination. This is a 

major advantage of PIPE2 over TAP tag and Y2H methods where not all proteins 

can be subjected to analysis (see above). An example of this is seen in Figure 5.8, 

where a significant number of membrane proteins have been identified in the PIPE2-

generated interactome. Because of their inherent properties, applying TAP tag and 

Y2H analysis to membrane proteins has proven to be challenging. PIPE2 analysis 

also had a high level of success in identifying PPIs in the nucleus. This might be 

explained by the presence of a high number of essential proteins in the nucleus, 

which may not be readily manipulated by Y2H or TAP tagging. An area where PIPE 

analysis had a relatively low level of success was for nucleolus proteins; see Figure 5.8. 

It appears that TAP tag experiments by Gavin et al. [36] had a significantly higher 

relative success in identifying these interactions. The nucleolus is the site of ribosomal 
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RNA synthesis and biogenesis. One possible explanation therefore may be that the 

relatively high number of protein complexes at work in this region (both protein-

protein and protein-RNA-protein) may result in an inflated number of interactions 

detected by TAP tag. This is mainly due to the inability of TAP tag to readily 

differentiate between direct and indirect (via a third partner) PPIs. 

A significant limitation of PIPE2 is that it relies exclusively on a library of pre

existing experimentally-derived interaction data for identifying re-occurring short 

polypeptide sequences. Consequently, in the absence of sufficient data for an inter

acting short polypeptide sequence pair, PIPE2 will be ineffective. Due to the window 

length of 20AA, it is also possible that short interaction sites will be missed or over

looked. PIPE2 will also be less effective for motifs that span discontinuous primary 

sequence, as it does not account for gaps within the short polypeptide sequences. 

It is expected that the use of more refined algorithms that permit such gaps, along 

with an increasing number of available libraries of PPIs may increase the accuracy of 

PIPE2. 

Increasing availability of three-dimensional protein structures may also provide an 

improved starting dataset for PIPE2 analysis, which may result in a further increase 

in the accuracy of this tool. Another possible future direction is to reduce the rate of 

false positives by incorporating vigorous filters that consider other information about 

the target protein pairs, including sub-cellular localization or functional annotation. 



Chapter 6 

P IPE3: Prediction in Other Organisms 

6.1 Introduction 

Traditional high-throughput attempts, which are both time and resource demanding, 

have been utilized to uncover the global PPI networks of only a few model organ

isms. The PPI networks in other organisms including human has remained mainly 

unexplored. Here we show that the presence of re-occurring short polypeptide se

quences between interacting protein partners seem to be conserved over the course 

of evolution, providing an opportunity to predict PPIs from primary sequences of 

proteins alone, in organisms such as human. As a proof of principle, we predict and 

analyze hundreds of novel human PPIs, experimentally confirm predictions, identify 

PPIs between human proteins and viral pathogen proteins, determine the potential 

interaction sites of proteins, and predict an all-to-all PPI interaction map for S. 

pombe (s=s 9,000 PPIs). The results provide an effective alternative to experimental 

methods for high throughput examination of PPIs. Further implementation of this 

approach can lead to the prediction of thousands of more novel and testable PPIs in 

different organisms and will help future studies on individual proteins and systems 

biology. 

We've already seen that the PIPE algorithm can be useful to predict PPIs in S. 

cerevisiea. PIPE2 improved the running time and accuracy of the PIPE algorithm. In 

this chapter we will introduce the third iteration of the PIPE algorithm, aptly named 

PIPE3. With this new version we investigate the possibility to extend the PIPE 

method to other organisms such as S. pombe, E. coli and ultimately H. sapiens. An 

online PIPE3 portal has been made available at: http://cgmlab.carleton.ca/PIPE3/. 
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6.2 Predictions In Other Organisms 

As previously discussed, PIPE has been trained on S. cerevisiae in order to predict 

interactions in that organism. However the algorithm itself is not dependent on that 

organism. To be able to predict protein-protein interactions in another organism, 

all of PIPE's parameters would need to be re-assessed and the database replaced 

with one containing known interactions for each particular organism. The expected 

score of two fragments would need to be tested in order to set the Spam parameter. 

The scoring matrix used might have to be changed in order to better match the goal 

organism. The score random sequences would need to be determined to set the score 

threshold. Finally, instead of using the median filter and average score cutoff used 

for S. cerevisiae another type or size of filter might be needed. 

If the algorithm could be made to successfully predict interactions in any organism 

for which the genome has been sequenced it would be an invaluable tool to predict 

the complete interaction map for that organism. For new organisms it would offer 

biologists a guide to follow in order to experimentally detect the interactions using 

traditional methods. This is the target of PIPE3: predictions in organisms other than 

S. cerevisiae. We first had to pick which organisms would make good candidates for 

testing. The following organisms of interest were targeted: 

• Schizosaccharomyces pombe: also called "fission yeast", it is somewhat similar 

to S. cerevisiae so it becomes a logical next step in testing PIPE for other 

organisms. It is estimated to contain 4,970 genes, less than S. cerevisiae. It 

also has relatively few known interactions: ss 3,000. 

• Escherichia coli: a bacteria containing Ri4,300 genes. E. coli has been studied 

extensively and is another model organism for lab experiments. Some strains 

are harmless while others can cause severe food poisoning in humans. One 

large-scale experiments for the E. coli K-12 strain has identified 2,667 PPIs 

[7]-

• Caenorhabditis elegans: a small free-living nematode (roundworm) which has 

been used extensively for interaction studies. Their genome encode for roughly 
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19,000-20,000 genes which makes it more complex than the Drosophila. How

ever the largest protein map to date only includes s=s 5, 500 interactions [68]. 

• Homo Sapiens: the ultimate goal of the PIPE project is to predict accurate 

interactions involving human proteins. The human genome is believed to code 

for 20,000-40,000 proteins (there is still some debate on the actual number) and 

is estimated to have between 154,000 and 369,000 interactions [46]. The Online 

Predicted Human Interaction Database currently contains 47,221 interactions 

involving 10,579 unique proteins [18]. Even if we assumed every predicted inter

actions is accurate that would still only represent 1/3 of the complete network 

map in the best case (« 13% in the worst case). The large number of proteins 

in human provides a computational challenge for any proteome-wide computa

tional method. All possible pairs using 25,000 proteins would yield over 300 

million pairs. Using the same cluster used to perform the genome-wide scan 

of the yeast genome and assuming the average protein length was the same 

it would take roughly 15x the runtime (ss 30 days). Since human proteins are 

longer on average than yeast proteins that runtime could be more than doubled. 

• PPI in other organisms: the list of organisms above represents a small list 

of possible organisms possible for PIPE. Depending on data availability many 

other organisms could be included for future testing such as: Mus Musculus, He

licobacter pylori, Drosophila melanogaster. By combining interaction databases 

from many different organisms we will see how it is possible to create a database 

which could be used with any organism even in the absence of interaction data 

for that particular organism. 

6.3 PIPE3 Parameter Tuning for Other Organisms 

Due to the different amino acid composition of each organism, some parameters have 

to be tuned before making predictions in other organisms. One such parameter is 

the score cutoff for window fragment comparisons. Since the window comparison 

is based on a substitution matrix, a different amino acid composition will cause the 

expected window score to shift slightly. In Figure 6.1(a) we see the histogram of score 
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distribution for random fragments of length 20 (window length) changes somewhat for 

different organisms. In Figure 6.1(b) we plot the probability of scores when comparing 

two fragments of length 20 and we pick our threshold to be significantly above random 

(probability of 10~6 of getting this score by comparing random fragments). We have 

previously determined [94] this cutoff to be 35 in S. cerevisiae and that remains a 

valid cutoff for most of the other organisms tested except one: H. sapiens. For H. 

sapiens the expected random score when comparing fragments increased, so a new 

cutoff of 40 was used exclusively for that organism. 

Fragment score distribution histogram Fragment score probability 
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Figure 6.1: (a) Histograms of fragment scores for all organisms tested, (b) Probabili
ties of fragment scores for all organisms tested. A cutoff equivalent to 10~6 probability 
was chosen for each organism. 

Changing the fragment window length (20 AA) and substitution matrix (PAM120) 

did not offer any significant improvement. For any new organism the sequence of 

operations to tune and set the PIPE parameters are as follows: 

1. Gather all the protein sequences for the organism (usually from an online 

source). We can limit the proteins to those involved in known interactions, 

however the entire genome is preferred. 

2. Build a set of known interactions for the organism. This can be from one 

experiment, or from a repository such as BioGrid [119]. It can also be a gold-

standard set or the union of all the databases online for example. Only physical 
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interactions should be used since this is what the PIPE algorithm is meant to 

predict. 

3. Calculate the amino acid distribution for the organism. This is then used to 

evaluate the expected score for comparing two random fragments of length 20 

using that distribution (see Figures 6.1 and 4.2 for examples). We choose the 

Spam score which gives us a 10 - 6 probability of getting a random match. 

4. Once we have the correct settings we can run the database pre-computation as 

explained previously. The pre-computation checks every window of length 20 

against the entire database and records the matches it finds. 

5. With the pre-computation done, we must evaluate the sensitivity and specificity 

of the predictions for this organism. This is done by LOOCV using the known 

interaction set collected earlier. The negative set is normally a set of random 

pairs ([13]). Plotting the ROC curve of the LOOCV experiment will indicate 

what cutoff to use in order to achieve a given specificity or sensitivity. For 

high-throughput experiments, a high specificity is suggested in order to avoid 

a large number of expected false-positives. 

6. After completing all these steps we are ready to start predicting new PPIs. 

For small genomes this can be done by an all-to-all experiment but for large 

genomes it is often preferable to only run pairs of interest due to the runtime 

involved. 

6.4 Results of Predicting PPIs in Other Organisms 

To study the evolutionary conservation of interaction codes, we first investigated 

whether PPIs in other organisms may also be predicted from their primary sequences. 

We used the available information about the PPI pairs in five model organism, E. 

coli, S. pombe, C. elegans, S. cerevisiae and H. sapiens, to predict interactions in 

each respective organism (ex: known S. pombe interactions to predict novel S. pombe 

pairs). Table 6.1 presents the number of protein sequences, the number of physical 

interactions and the interaction database used for the organisms tested. In an effort to 



6.4. RESULTS OF PREDICTING PPIS IN OTHER ORGANISMS 82 

have the most accurate information, our interaction list for S. cerevisiae was updated 

to include the most recent interaction list. The sensitivity and specificity for S. 

cerevisiae will therefore be slightly different than those presented in Chapter 5. 

Organism 

S. cerevisiae 

C. elegans 

E. coli 

H. sapiens 

S. pombe 

Number of 
Proteins 

6,716 

23,684 

13,179 

22,513 

5,024 

Number of 
Interactions 

43,591 

6,607 

16,235 

41,678 

2,951 

Interaction 
Database 

BioGRID [119] 

BioGRID [119] 

EciD [6] 

HPRD & BioGRID [55, 119] 

BioGRID [119] 

Table 6.1: Number of protein sequences, physical interactions and the interaction 
database for the organisms tested. Only physical interactions are extracted from the 
respective database for each organism. 

Apparent from the areas under the curve (AUC, Figure 6.2), our plotting of the 

fraction of true positives, over false positives (ROC curves) suggests that it is possible 

to successfully detect PPIs, from the interaction codes, in all five organisms that we 

investigated. At the higher specificities (99.9 - 99.95%), which is what is needed for 

genome-wide analysis, it appears that humans have the highest accuracy followed 

by S. pombe, C. elegans, and S. cerevisiae. For example, at a specificity of 99.95%, 

23.8% of human PPIs can be predicted. At the lower specificities however, for example 

when predicting interactions between a few target proteins, the accuracy for S. pombe 

surpasses that in humans. The accuracy for E. coli at high specificity is very low 

suggesting that E. coli predictions are only possible at lower specificities. 

Table 6.2 presents the achieved sensitivity using relatively high specificities (90.0%, 

95.0%, 99.0% and 99.95%) for the different organisms tested and different versions 

of PIPE. As with Figure 6.2, we can see that at very high specificities (99.95%) H. 

sapiens has the best sensitivity (23.8%). At the lowest specificity shown (90.0%), S. 

pombe performs better than all the other organisms (77.5%) which is also visible in 

6.2. 

Next, we investigated if PPIs in a target organism can be predicted from cross-

species PPIs (Figure 6.3). Specifically, can we predict interactions in one organism 
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Figure 6.2: ROC (Receiver Operating Characteristic) curves for C. elegans, E. coli, 
H. sapiens, S. cerevisiae and S. pombe. The curve presents the True Positive Rate 
(Sensitivity) against the False Positive Rate (1-Specificity). Insert: at very high 
specificity (99.95%) H. sapiens has better sensitivity than all other organisms tested. 

using known PPIs from a different organism; i.e. predict novel S. cerevisiae inter

actions using H. sapiens PPIs and vice versa. We can see in Figure 6.3 that while 

using known S. cerevisiae PPIs to predict H. sapiens interactions (SC-HS) is lower 

than using known H. sapiens PPIs to predict H. sapiens interactions (HS-HS), we 

can still gather some meaningful interactions especially at lower specificities (46-48% 

sensitivity at 80% specificity for both organisms). The implication of this experiment 

is that we are able to use known PPIs in one organism to predict novel interactions 

in others with respectable sensitivity/specificity. 

Next, we ask the question: "if PIPE can predict novel interactions in one organism 

using known PPIs in another, how would it perform if the predictions are based on 

PPIs from multiple organisms?". Therefore we extended our previous investigation to 

determine if PPIs in a target organism can be predicted from cross-species PPIs using 
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Organism 

S. cerevisiae (PIPE)* 

S. cerevisiae (PIPE2) 

S. cerevisiae (PIPE3) 

C. elegans (PIPE3) 

E. coli (PIPE3) 

H. sapiens (PIPE3) 

S. pombe (PIPE3) 

90.0% Sp. 

«60.0% 

53.1% 

61.1% 

69.7% 

49.9% 

72.7% 

77.5% 

95.0% Sp. 

^45.0% 

40.0% 

49.6% 

61.2% 

38.5% 

65.0% 

63.9% 

99.0% Sp. 

N/A 

22.0% 

30.3% 

43.6% 

14.5% 

51.1% 

41.3% 

99.95% Sp. 

N/A 

17.3% 

8.8% 

10.0% 

N/A 

23.8% 

6.4% 

Table 6.2: Comparing sensitivities achieved at given specificities for all tested organ
isms and for different version of PIPE. The ROC curves in Figure 6.2 presents how 
each organism reacts to increasing or lowering the cutoff, but this table presents some 
points of interest. Here we see the sensitivities achieved by every organism tested at 
specific specificities: 90.0%, 95.0%, 99.0% and 99.95%. *Since the original PIPE 
method was only tested with 100 positives and 100 negative pairs (due to runtime 
constraints), the sensitivity given for 90.0% and 95.0% are approximations and higher 
specificities (99.0% and 99.95%) could not be tested so are not available (N/A). No 
possible cutoff resulted in 99.95% specificity for E. coli so this result is not available 
(N/A). 

the union of multiple species (Figure 6.4). In this experiment, all known interactions 

from our select organisms (C. elegans, E. coli, H. sapiens, C. cerevisiae and S. pombe) 

are used except the interaction from the organism used for testing. For example to test 

our prediction in H. sapiens we would use all known interactions for the organisms 

above except interactions for H. sapiens. This simulates predictions in a new organism 

or for one which has few known interactions. Again our ROC curve suggests that the 

number of true positives over false positives supports the ability to use interaction 

pairs from different species to predict interactions, in both high and low specificities, in 

an independent species, for all eukaryotes tested. The efficiencies of these predictions 

however, are lower than in Figure 6.2 but similar to Figure 6.3 for H. sapiens and 

S. cerevisiae. In fact for H. sapiens we see a slight sensitivity improvement at the 

80% specificity mark (54-55% sensitivity as opposed to 48-49%). Again E. coli PPI 

prediction seems to be an exception, suggesting a difference between protein codes in 

E. coli, a prokaryote, and other organisms examined. 
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Figure 6.3: ROC curves for cross-species prediction. Here we see the results of us
ing known H. sapiens interactions to predict S. cerevisiae interactions (HS-SC) and 
known S. cerevisiae interactions to predict H. sapiens interactions (SC-HS) compared 
to same-species prediction (HS-HS and SC-SC). 

The runtime for our predictions under our current specification, makes predicting 

the human global protein interaction map out of reach at this point («6.3 million 

CPU hours or « 3 years on a 256-cpu cluster). We therefore targeted S. pombe, which 

has 5,024 proteins and has the second best ROC curve in our analysis. In doing 

so, we detected a total of 9,009 possible interactions, 6,058 of which are novel/false 

positives. Since currently there are 2,951 known interaction pairs in S. pombe, our 

predictions have increased our knowledge of PPIs in S. pombe by over three-fold. To 

examine the quality of the predicted interaction pairs we classified them according to 

their molecular function, biological process and location inside the cells (Figure 6.5). 

The center number in the overlapping circles lists the percentage of pairs that are 

co-localized AND have the same function AND are involved in the same process. 

We can see in Figure 6.5 that PPI pairs predicted by PIPE3 have similar functions, 
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Figure 6.4: ROC curve measuring the prediction accuracy of predicting interactions 
using the union of known interactions in several other organisms except known inter
actions for the test organism. 

cellular component and process with similar percentages than previously detected in

teractions. Compared to random, PIPE predictions have almost double the number 

of co-localized pairs. Third party interactions (where both partners interact with 

another common protein) were also verified to further assess the quality of the inter

actions. For random pairs, 0.032% had third party interactions compared to 36.2% 

for PIPE3 predictions and 76.5% for previously detected interactions. Here again we 

see a huge difference between the random numbers and PIPE's predictions. The pre

viously detected interactions might have an unfair advantage in these tests: proteins 

known to interact are then studied and assigned GO terms while PIPE3's predictions 

can involve proteins for which no information has been found yet. 

PPI data can also be used to determine protein complexes. Using our predicted 

novel PPIs we identified two novel protein complexes in S. pombe. One of them is 

H. sapiens 
C. elegans 
E. coli 
S. cerevisiae 
S. pombe 
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Molecular Biological Molecular Biological Molecular Biological 
function process function process function process 

(a) Random Pairs (b) Previously Detected (c) PIPE3 Predictions 
Interactions 

Figure 6.5: Percentages of pairs in which both partners share the same GO Slim 
annotation in S. pombe. (a) Results for random S. pombe pairs (100,000 pairs), 
(b) Results for previously known interactions (BioGRID [119], 2,951 interactions (c) 
Results for PIPE3 predicted pairs (9,009 predicted interactions). 

a five member complex with SPBC1289.13c, a putative galactosytransferase as a 

core protein that interacts with four other proteins, some of which interact with each 

other. Two of these proteins, SPAC22E12.06c and SPCC736.04c are known to have 

alpha-l,2-galactosyltransferase activities involved in N-linked, and both O-linked and 

N-linked oligosaccharide modification of proteins, respectively ([138]), and have pre

viously reported to interact with each other. All five proteins are membrane proteins 

that are associated with Golgi apparatus. Therefore it is likely that this complex has 

a role in galactosylation of glycoproteins. The second complex consists of 8 members, 

with 5 proteins forming the core, and 3 additional proteins that interact with the core 

proteins but not with each other. They are all thought to be membrane proteins. 

Five of these proteins (SPBC1703.10, SPAC4C5.02c, SPAC6F6.15, SPAC9E9.07C 

and SPAC18G6.03) have been linked to protein transport and vesicular trafficking. 

This suggests a role for the complex in this process. 

To evaluate the effectiveness of the PIPE method to predict PPIs in human we 

investigated the interactions for 29 proteins, with established roles in the efficiency of 

double stranded (ds) DNA break repair, against all human proteins, representing a 

total of more than 650,000 possible protein pairs (29 x 22,500). dsDNA breaks repre

sent a severe case of DNA damage which if remained unrepaired, can lead to cancer 

development. With a specificity of 99.9% we detected a total of 1,657 interactions, 
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511 of which were previously reported, and 1,146 of which represented novel/false-

positive interactions, therefore increasing our knowledge of potential PPIs for dsDNA 

repair break proteins by more than three-fold. 

To investigate the relevance and validity of the identified novel interactions, we fur

ther analyzed them based on molecular functions, cellular processes, and co-localization 

of the interacting partners (Figure 6.6) along with the presence of a common third 

protein partner interaction. The center number in the overlapping circles lists the per

centage of pairs that are co-localized AND have the same function AND are involved 

in the same process. 

Cellular component Cellular component Cellular component 

Molecular Biological Molecular Biological Molecular Biological 
function process function process function process 

(a) Random Pairs (b) Previously Detected (c) PIPE3 Predictions 
Interactions 

Figure 6.6: Percentages of pairs in which both partners share the same GO Slim 
annotation in H. sapiens, (a) Results for random H. sapiens pairs (2,500 pairs), 
(b) Results for previously known interactions (Biogrid [119], 41,678 interactions (c) 
Results for PIPE3 predicted pairs (1,056 predicted interactions). 

Just as in S. pombe, PIPE's predicted pairs share GO terms more frequently than 

the random set. In this case however the pairs predicted by PIPE3 are actually 

better than previously detected interactions in each of the three categories. Third 

party interactions (where both partners interact with another common protein) were 

also verified to further assess the quality of the interactions. For random pairs, 0.3% 

had third party interactions compared to 45.3% for PIPE3 predictions and 59.2% for 

previously detected interactions. We see the same trend as with S. pombe: PIPE3 

predictions behave close to previously detected interactions than to random pairs. 

To further assess the effectiveness and reliability of our approach, we applied our 

method to predict PPIs in a set of gold standard. Yeast gold standards are commonly 
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used in yeast PPI investigations and represent interactions for which a significant body 

of independent evidence is available. We assumed that the interacting pairs within 

a gold standard that are evolutionary conserved from yeast to human may represent 

true interactions in humans, and in the absence of a customary human alternative, 

they may represent a gold standard for evaluation of PPI predictions. Of 701 gold 

PPIs for which human homologs are found 252 and 347 interactions were predicted at 

the specificity of 99.9%, and 95%, respectively, resulting in a corresponding sensitivity 

of 35% and 49.5%. This is a higher sensitivity than we observed above and may be 

explained by the increased density of true interactions in a gold standard. 

The presence of evolutionary conserved interaction regions also implies that pre

dicting interactions between proteins from different species, for example between a 

host and a pathogen protein, may also be possible. We therefore examined the inter

actions for proteins of human pathogens Hepatitis C (HCV), Influenza A, HIV-1 and 

HIV-2, with all human proteins. For example, we found novel interactions for HCV 

non-structural 5A (NS5A) protein with several human proteins previously known to 

be involved in different non-HCV host-pathogen interactions. These novel interactors 

include human IP05 known to mediate nuclear import of HIV-1 Rev protein [8], and 

the proto-oncogene tyrosine-protein kinase SRC, which is involved in host-hepatitis 

E virus interaction [57]. The predicted novel interactions suggest that these proteins 

may also be involved in HCV infection. Similarly, we identified a number of novel 

interactions for influenza A virus protein Ml with several human chaperones includ

ing HSPA1A, which is known to serve as a post-attachment receptor for rotavirus A 

entry into the cell [92]. 

We followed up our predicted host-pathogen interactions by analyzing the PPI 

profiles for HIV-1 and HIV-2. In case of human infectivity, HIV-1 is known to be 

a more virulent strain and therefore it is reasonable to assume that PPI profiles for 

the two viruses may reflect this difference. Indeed, we found several high confidence 

interactions specific to HIV-1. For example, HIV-1 virion infectivity factor Vif forms 

novel interactions with APOBEC3A, APOBEC3B, and APOBEC3D that belong to 

the family of APOBEC deaminase proteins. Members of APOBEC family, for ex

ample APOBEC3G, are known to form an innate resistance to HIV infection and 
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hence they are deactivated by the virus during viral infection (Isolation of a human 

gene that inhibits HIV-1 infection and is suppressed by the viral Vif protein [111]. 

Very interestingly, in agreement with our observation, APOBEC3G is reported to be 

deactivated by HIV-1 protein Vif in a species specific manner [76]. 

6.5 Summary 

PIPE3, the latest version of the PIPE algorithm, demonstrates how the PIPE algo

rithm can be applied to other organisms such as C. elegans, S. pombe, E. coli but most 

importantly H. sapiens (human). This expanded version is shown to successfully pre

dict PPIs in other organisms but is also shown to be able to predict PPIs in organisms 

using other organisms as sources of information. The important implication of this 

feature is the ability to predict PPIs in new or unstudied organisms even given the 

lack of known interactions. PIPE3 has been used to do a genome-wide scan of the S. 

pombe organism as well as new PPI predictions in H. sapiens, Hepatitis C, Influenza 

A, HIV-1 and HIV-2. 



Chapter 7 

PIPE Web Portal 

7.1 Introduction 

PIPE has been proven a useful tool to detect novel PPIs first in S. cerevisiae then 

in many other organisms. However a tool is not very useful if no one can use it. In 

order to give users access to the PIPE algorithm we created a web-portal for every 

version of PIPE to date: PIPE (Version 1), PIPE2 and PIPE3. In this chapter we 

will discuss each web-portal version and how they differ from each other. 

7.2 PIPE Portal 

The original PIPE web-portal (Figure 7.1) has been online since 2006 and has been 

used by hundreds of researchers across the world. Since the initial version of PIPE 

was very computationally intensive it offered researchers a portal to run their PPI 

predictions for S. cerevisiae without needing their own computer server. 

Protein-protein Interaction Prediction Engine 

Sylvain Pftre (1), Frank D e t a e (1), Albert Chan (2), Jim Cheatham (3), Ale* Duong (3), Andrew Emili (4), Marinella GebMa (4), 
Jack Greenblatt (4), Mather? Jessnlat (3), Nevan Krogan (4), Xnemei Loo (1), Ashkan Gojsoani (3) 

(1) School of Computer Science, Carletoo University. Ottawa, Canada 
(2) Department of Mathematics and Computer Science, FayettewBe State Umverssy, FayetteMEe, CSA 

(3) Department of Biology, Cadeton University, Ottawa, Canada 
(4) Banting and Best Institute of Medtcal Research, Department of Medical Genetics and Microbiology, University of Toronto, Toronto, 

Canada 

Figure 7.1: PIPE web-portal (Version 1) found at http://cgmlab.carleton.ca/PIPE/. 

The settings included in this first version of the web-portal are fairly limited 
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(Figure 7.2). The user must enter two protein sequences along with identifying names 

on which PIPE will run. Due to the runtime of the original PIPE, both sequences 

are limited to 500AA each. After running the protein pair the portal will present the 

result matrix as well as a 3D graph representation. The interpretation of the graph 

is left to the user. The user can input any protein sequence (from any organism) 

however this version does not offer the settings necessary to adjust the algorithm for 

other organisms. Also, the database used is strictly composed of known S. cerevisiae 

PPIs. 

Enter Sequences 

Name A Sequence A 

Name B Sequence B 

Settings 

Database: [ YEAST (default) -
SaasitBtumMatrix: PAM120(de(ay!t) 

Run PIPE Reset 

Figure 7.2: Settings available on the PIPE (Version 1) web-portal. The user can enter 
two protein names and sequences for prediction. The output includes the matrix H. 

7.3 PIPE2 Portal 

The second version of the PIPE web-portal (PIPE2, Figure 7.3) has been online 

since 2008. It has been highly-accessed in its 1.5 years of availability. The largest 

improvement to the original PIPE portal is in the prediction runtime. While the 

original PIPE algorithm could take several hours to make a prediction, PIPE2 has 

an average runtime of under 1/2 second. This speedup finally offered the user the 

possibility to run dozens of interactions in a short amount of time. 
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Protein-protein Interaction Prediction Engine, Version 2 

S. Pitre (1), C. North (1), M. Ahmgir (2), M. Jessulat (2), A. Chao (3), X. Loo (1), JJL Gre*n (4), M. Dnmootier 
(1,2), F. Dekoe (1), A. Golslani (2) 

(1) School of Computer Science, Carleton University. Ottawa. Canada. 
(2) Department of Biology, Carleton University, Ottawa, Canada. 

(3) Department of Mathematics and Computer Science, FayetteviBe State University, FayetteviOe, USA. 
(4) Department of Systems and Computer Engineering, Carleton University, Ottawa, Canada. 

Figure 7.3: PIPE2 web-portal: http://pipe.cgmlab.org/ 

Since the PIPE2 algorithm is based on a pre-computed database, the user must 

chose two S. cerevisiae proteins from pre-defined lists (Figure 7.4). The Cutoff Value 

used to identify positive interactions can be changed to other settings. For example 

an 89% specificity might be acceptable if a user wishes to run a small number of pairs, 

but a higher specificity should be used at the expense of lower sensitivity for large 

number of pairs. After running the algorithm on the query proteins the results page 

will display some statistics and allow the user to download the result matrix as well 

its 3D representation. 

7.4 PIPE3 Portal 

The most recent version of the PIPE portal, PIPE3 (Figure 7.5), offers an important 

option not found in previous versions: multiple organism databases. Users now have 

the option to make PPI predictions using several pre-computed database (Figure 7.6) 

which includes: S. cerevisiae, H. sapiens, E. coli, C. elegans, S. pombe and the union 

of all listed organism (All). 

Since this version uses pre-computed databases, the user must enter two valid 

protein names and must be from one of the organisms listed. However a user can 

run pairs from one organism while using another as the database (cross-organism 

predictions). 

http://pipe.cgmlab.org/
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Run: 
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Figure 7.4: Settings available on the PIPE2 web-portal. The user must select two 
proteins from the pre-defined lists. The output offers statistics as well as answers if 
there is/is not an interaction between the query proteins. 

Protein-protein Interaction Prediction Engine, Version 3 

S. Pare (1), J.R- Green (3), F. Ddrne (1), A. Golshani (2) 

(1) School of Compoter Science, Carieton University, Ottawa. Canada. 
(2) Department of Biology, Carieton University, Ottawa, Canada. 

(3) Department of Systems and Computer Engineering, Carieton University, Ottawa, Canada. 

Figure 7.5: PIPE3 web-portal: http://cgmlab.carleton.ca/PIPE3/ 

Enter Protein Names: 

Protein A Protein B 

R a n : 

P Ron PiPE3 | [ Reset j 

Settings: 

Organism Database: \§3S:S3S9.^S^.^S.l^ll3lh.93.^\z\ 

Cutoff Value: 099 » 

Note: A lower cutoff value increases the sensitivity at the expense of a lower specificity. A 
default cutoff w3I be selected for each organism, equivalent to ronghiy 90° t> specificity 
(sensitivity at this specificity will change depending on the organism). 

Figure 7.6: Settings available on the PIPE3 web-portal. A user can enter the names 
of both query protein (SwissProt ID), select the organism database used and the 
cutoff value used to decide if there is/is not an interaction. 

http://cgmlab.carleton.ca/PIPE3/


Chapter 8 

Conclusion 

8.1 Introduction 

In this chapter we will summarize the contributions made so far in this thesis in the 

field of protein-protein interaction prediction as well as summarize the future work 

proposed. 

8.2 Summary of Contributions 

This thesis presented a new algorithm for protein-protein interaction based on the re-

occurring short polypeptide sequences between known interacting protein pairs called 

PIPE: Protein-protein Interaction Prediction Engine [94]. This algorithm makes it 

possible to detect protein-protein interactions in S. cerevisiae using only sequence 

information (primary structure) as opposed to methods that rely on physical structure 

or known motifs or domains. Also this computational method is not restricted to the 

limitations of in vivo testing. It has been used to predict novel interactions and a 

novel process for which the internal structure has been confirmed by tandem affinity 

purification (TAP tag) [94]. 

An improved version of the algorithm called PIPE2 was also presented [95]. PIPE2 

brings drastic speed improvement over PIPE along with higher specificity at the ex

pense of lower sensitivity. The increased speedup of is due to optimized window 

comparisons, pre-computation and query approach. A modified version of the me

dian filter is used on the results to improve the specificity which decreases the ex

pected number of false positives significantly. However the filter has the negative 

but expected side-effect of reducing the sensitivity. With the increased speed it was 

possible to run all possible combinations of protein pairs in the S. cerevisiae genome 
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(« 20 million pairs). The PIPE2 interaction results list is larger than recent large-

scale experiments using traditional methods [95]. 

Finally, the latest version of the algorithm named PIPE3 demonstrates how the 

PIPE algorithm can be applied to other organisms such as C. elegans, S. pombe, 

E.coli but most importantly H. sapiens (human). This expanded version is shown to 

successfully predict PPIs in other organisms but is also shown to be able to predict 

PPIs in organisms using other organisms as sources of information. The important 

implication of this feature is the ability to predict PPIs in new or unstudied organisms 

even given the lack of known interactions. PIPE3 has been used to do a genome-wide 

scan of the S. pombe organism as well as new PPI predictions in H. sapiens, Hepatitis 

C, Influenza A, HIV-1 and HIV-2. 

The PIPE method and the improvements achieved in PIPE2 and PIPE3 makes 

this project a great tool for biologists to predict protein-protein interactions without 

having to use traditional methods and while only needing the primary structure of 

proteins as input. 

8.3 Future Work 

8.3.1 Improvements In Protein Scanning 

The current PIPE algorithm uses a single sliding window of size w in each query 

proteins in order to predict interactions (Figure 8.1(a)). One might argue that this is 

simplifying too much the interactions between two proteins. We have demonstrated 

that even using this simplified algorithm can yield meaningful results but we know 

that in reality interactions between two proteins could involve many fragments on 

each protein. 

• Two sliding windows of fixed size with fixed gap: The first possible 

improvement we propose to use two sliding windows of size w and allow a gap 

g between those two windows (Figure 8.1(b)). This would make the test more 

stringent: in order for a protein in the database to match query proteins A or 

B they would need to contain those two same fragments within g amino acids 

of each other. 
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Figure 8.1: Different protein scanning techniques, (a) The default PIPE scanning 
technique (one sliding window of fixed size in each protein). (b) Two sliding windows 
of fixed size with a fixed gap. (c) Two sliding windows of fixed size and varying 
gap. (d) Two sliding windows of varying size and varying gap. (e) Multiple sliding 
windows of varying size with varying gaps. 

• Two sliding windows of fixed size with varying gap: This is a variation 

of the previous modification. This improvement still uses two windows of fixed 

size but with a gap size of variable size (0 to g) between the windows in each 

query proteins (Figure 8.1(c)). The gap size can be different in each protein. 

This would allow, for example, two fragments of size 20 in one protein to be 

matched with a single piece of 40 in the other protein. 

• Two sliding windows of varying size with varying gap: The next logical 

step in improving the protein scanning is to allow for variable sliding window size 

and gap in each protein (Figure 8.1(d)). This method would make it possible 

to match a larger fragment in protein A with a smaller piece in protein B as 

long as the fragment score is still above the defined threshold. 

• Multiple sliding windows of varying size with varying gaps: The final 
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and most complex modification would allow multiple sliding windows of vary

ing size along with varying gaps (Figure 8.1(e)). This method would produce a 

significant increase in complexity since we would be trying all possible combi

nations of fragments and gaps. One way to narrow down the search would be 

to bound the fragment sizes to a specified range (ex: 5-50 amino acids). 

8.3.2 Other PIPE Projects 

The PIPE project has grown from a PPI prediction engine to include other predic

tions. Most computational and traditional PPI methods limit themselves to predict

ing if an interaction exists between proteins. While it is possible to find the sites of 

interaction this is rarely done due to lengthy and costly experiments (i.e. by deletion 

experiments). Computational PPI methods are mostly trained on the identification 

of interactions rather than the sites of interaction. Most methods based on SVM for 

example will simply classify a protein pair as interacting or non-interacting. While 

the original PIPE was shown to be able to detect the sites of interaction in both 

proteins, that feature was never extended in PIPE2 or PIPE3. However, a new fea

ture by Adam Amos-Binks accurately predict the interaction sites and present them 

to the user. This feature will be made available to PIPE users through an online 

web-portal. 

PIPE3 has already been shown to be a good predictor of H. sapiens PPIs. An 

experiment we were anxious to start is a genome-wide scan of H. sapiens, however 

as we have seen this is simply not possible given the expected runtime (3 years using 

a 256-CPU compute cluster). Work is being done by Andrew Schoenrock to more 

effectively parallelize the work of such an experiment on a larger computer cluster. 

This would represent a huge achievement by the PIPE algorithm as it would stand 

as the first and only method capable of running genome-wide PPI prediction in H. 

sapiens. 
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8.4 Conclusions 

In Chapter 1, we explained the need for a computational method to predict protein-

protein interactions due to the drawbacks of traditional in vivo methods. We also 

shown computational methods which rely on unavailable data such as 3D structures 

or other information such as known domains. It was also shown in this thesis that we 

can predict protein-protein interactions in S. cerevisiae with a method based on the 

re-occurring short polypeptide sequences between known interacting protein pairs. 

The PIPE [94] and its subsequent versions PIPE2 [95] and PIPE3 have been shown 

to successfully detect meaningful novel interactions and complexes which have been 

in some cases confirmed by traditional experiments. In conclusion, we believe that 

PIPE is a great computational tool and has the potential to predict interactions in 

many other organisms than those presented with good accuracy. 
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