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Abstract 

This thesis explores issues arising when one attempts to predict protein-protein interactions 

(PPI) involving multiple species using the Protein-protein Interaction Prediction Engine 

(PIPE) method. In cross-species predictions, where one predicts PPI in a target species 

given known PPI in a different training species, we showed that prediction performance is 

inversely correlated to the evolutionary distance between training and target species. With 

a change in the score calculation, we improved the area under the precision-recall curve by 

45% when using seven well-studied species to predict an eighth.  

In inter-species predictions, one attempts to predict interactions between proteins arising 

from two different species, such as a host and a pathogen. For the first time, we have shown 

that PIPE is able to predict such inter-species PPI by predicting 229 novel PPI between 

HIV and human at an estimated precision of 82% (100:1 class imbalance).  

Lastly, by modifying a main data structure of PIPE, we also improved the speed of the PIPE 

algorithm by a factor of 53x when predicting H. sapiens PPI. Using the methods developed 

in this thesis, we have predicted all possible PPI between soybean and the Soybean Cyst 

Nematode pathogen. Collaborators at Agriculture and Agri-Food Canada will be pursuing 

and validating these predictions as they seek to combat this costly pest. 
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1 Introduction 

1.1 Introduction 

The soybean legume (Glycine max) is one of the most valuable crops globally. This 

high-protein oilseed is used for many purposes, including human consumption, animal 

feed, and biodiesel [1]. The United States is the largest soybean producer in the world, 

while Canada ranks as the 7th largest producer, exporting more than 1 billion USD worth 

of soybeans annually [2]. Additionally, the price of soybeans is projected to rise at a rate 

of 0.4% annually, whereas the projected prices of other leading Canadians crops such as 

wheat and corn are expected to decline [3]. The Canadian soybean market is currently 

concentrated in the province of Ontario, which is responsible for over half of Canada’s 

annual soybean production. However, many Ontario farmers are plagued by the Soybean 

Cyst Nematode (SCN; Heterodera glycines Ichinohe), a detrimental pest capable of 

reducing yield up to 40% per field [4]. The SCN pest was first identified in Canada in 1998, 

and has since become widespread across Canadian soybean fields. In the United States and 

Canada, it causes more than twice as much yield loss as any other disease or pest [5]. In 

the United States alone, it is estimated to cause more than 1 billion USD in lost soybean 

yield per year [6]. Figure 1 shows the distribution of the pest across Canada and the United 

States.  The SCN pest has also recently been seen further north in Quebec [7]. 
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Figure 1: Prevalence of SCN across counties in Canada and the US (reproduced from 

[8]). 

As such, there is significant ongoing research into combatting the pest and 

developing SCN-resistant strains. In Ontario, resistant strains such as the PI88788 and 

Peking sources exist, however they do not completely prevent yield loss due to SCN [4]. 

Unfortunately, SCN varieties also exist which are not impeded by these resistant strains. 

Agriculture and Agri-Food Canada aims to develop SCN-resistant strains and learn more 

about the specific molecular mechanisms of SCN infection. In 2016, they approached the 
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Carleton University Bioinformatics Research Group to form a research partnership 

dedicated to combatting SCN and developing more resistant soybean strains.  

Protein-Protein Interactions (PPI) are expected to play a major role in the 

mechanism of infection in soybean crops by SCN, given that they are known to play a role 

in many infections by viruses, bacteria, and other plant pests. However, experimentally 

determining PPI is costly and time-consuming for even a small number of PPI. Given that 

Soy has approximately 75,000 proteins and SCN has approximately 22,000, there are over 

1.6 billion possible interactions between SCN and soybean proteins. Therefore, 

computational methods must be used to guide and prioritize experiments. Carleton’s role 

in the Agriculture and Agri-Food Canada SCN resistance project is to predict novel PPI 

between SCN and soybean using leading computational methods. However, most 

computational methods of predicting PPI were designed and validated strictly within well-

studied species using abundant known data. Since soybean and SCN are both relatively 

under-studied with limited available data, predicting novel PPI is a difficult challenge. This 

thesis will examine transferring data from other species in order to make novel PPI 

predictions between SCN and soybean. 

1.2 Motivation 

The Protein-protein interaction prediction engine (PIPE) [9], developed by 

members of Carleton University Bioinformatics Research Group, is a leading method of 

PPI prediction method both in terms of speed and accuracy. The PIPE algorithm may be 

suitable for predicting PPI between SCN and soybean for several reasons. The first is the 

fast, parallel implementation of PIPE. PIPE is able to predict the entire human interactome 

(the complete set of all 254 million potential human-human PPI) in under one month using 
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a reasonably-sized computer cluster [10]. Such speed is necessary for SCN-soybean 

prediction as there are over 1.6 billion PPI to examine, a significantly larger task than 

predicting the human interactome. The second reason is PIPE’s minimal input data 

requirements. Only primary sequence and a list of known PPI are required, which makes it 

possible to make predictions in under-studied species. The third reason is that PIPE has 

previously shown capable of making predictions in one species using the known 

interactions from another species (termed cross-species prediction) [11]. This ability is 

necessary to make SCN-soybean PPI predictions, as neither SCN nor soybean have known 

PPI to use to predict novel PPI.  

However, the use of PIPE to predict inter-species PPI, where the interacting 

proteins arise from two different species, has not been investigated. Furthermore, only 

preliminary investigation of PIPE’s ability to predict cross-species PPI has been conducted, 

concluding solely that PIPE’s performance was better than random. The prediction of 

soybean-SCN PPI involves using cross-species data to predict inter-species PPI, as 

illustrated in Figure 2. Since there are few to no known interactions between SCN and 

soybean, experimental validation of PPI predictions is not possible at this time. Therefore, 

prior to undertaking these predictions, it is necessary to further characterize PIPE’s 

performance in these two tasks, to develop best practices for this type of cross- and inter-

species PPI predictions, and possibly to improve PIPE in these regards. This represents the 

central goals of the present thesis. 



 5 

 

Figure 2: High-level overview of cross-species and inter-species PPI prediction.  
Cross-species prediction involves taking data from a well-studied species (such as A. 
thaliana or C. elegans) and transferring it to under-studied species such as soybean 
and SCN. Inter-species prediction is when interactions are predicted between proteins 

in different species, such as soybean and SCN. 

 With the growing threat to the soybean industry from SCN, prediction of all the 

interactions between soy and SCN is a critical next step in the development of resistant 

strains. Additionally, if PIPE is shown capable of predicting PPI between under-studied 

species, then there are many other potential use-cases in which PIPE could be applied, 

including crop-pest PPI prediction for other crops, human-pathogen PPI prediction, and 

livestock-pathogen PPI prediction. 

1.3 Problem Statement 

Motivated by the specific problem of soybean-SCN PPI prediction, this thesis seeks 

to develop best practices for using PIPE to make both cross-species and inter-species PPI 

predictions. Specifically, we seek to improve PIPE to make it faster and more accurate for 

such cases.  
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1.4 Organization of Thesis 

This thesis consists of six chapters. Chapter 2 provides a brief introduction to protein 

biology and PPI; a brief overview of general pattern classification as it applies to PPI 

prediction; a review of different PPI prediction methods leveraging structure and sequence; 

and an overview of the PIPE algorithm. In Chapter 3, we explain the detailed 

implementation of the PIPE algorithm, and propose a modification that significantly 

reduces the time required to run the algorithm. In Chapter 4, we discuss cross-species PPI 

prediction, which involves predicting one species’ complete interactome (the set of all PPI 

in that species) from the known PPI of another species. We propose a change in the PIPE 

scoring algorithm specific to cross-species PPI prediction and then examine the accuracy 

of the PIPE algorithm when using different species of varying evolutionary distance. In 

Chapter 5, we apply the PIPE algorithm to inter-species PPI prediction, where PPI between 

different species are predicted. We first examine predicting PPI between the HIV-1 virus 

and human. We also examine the motivating example of Soy-SCN PPI prediction, which 

involves both cross-species and inter-species PPI prediction. Chapter 6 presents a summary 

of contributions and provides recommendations for future work.  
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2 Background and Literature Review 

2.1 Background Biology 

Proteins are large biomolecules which perform a wide variety of tasks in every 

organism, including catalysing chemical reactions, providing structure for cells, 

transmitting signals, transporting molecules, regulating cell division, and decomposing old 

proteins to build new proteins. A protein is built from amino acid residues which are 

chained together in an order specified by a sequence of DNA known as a gene. The gene 

contains instructions on which of the twenty amino acids should be linked together in what 

order. The string of amino acid residues that make up a protein is known as the primary 

structure of the protein. Each of the twenty different amino acids is commonly represented 

by a single letter (A, R, N, D, C, E, Q, G, H, I, L, K, M, F, P, S, T, W, Y, V). The twenty 

different amino acids all have different chemical properties which affect how the protein 

folds to a final 3D structure, which then affects the role and function of the protein. An 

illustration of the primary structure of a protein is given in Figure 3. 

 

Figure 3: Illustration of primary protein structure for a protein that has 18 amino 

acids. Each blue circle represents a specific amino acid residue indicate by the letter. 

The amino acid residues are all chained together. 

Proteins are very important for studying an organism; however, the number of 

proteins in an organism does not always correlate to the expected complexity of the 

organism [12]. For example, there are approximately 25,000 genes in H. sapiens, but 

approximately 21,000 genes in C. elegans, an arguably simpler species of nematode. Rice 

is expected to contain approximately 50,000 genes, and soybean approximately 75,000 
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[13]. The size of the interactome – which is the set of all protein-protein interactions (PPI) 

in an organism – has shown to better correlate with the complexity of an organism [12]. 

Proteins can bind together to form multi-protein complexes; they can also interact for signal 

transduction, expression level regulation, and other purposes. Additionally, many viruses 

and other pathogens affect their host largely through PPI between pathogen and host 

proteins [14]. Knowledge of the PPI in an organism is therefore very important for 

understanding how the organism works. However, only a small fraction of the expected 

interactome is currently known [12]. 

Unfortunately, experimentally determining PPI is time-consuming and expensive. 

High throughput methods to determine many novel PPI exist, but their accuracy has been 

called into question [15]. Methods such as yeast two-hybrid can test whether two proteins 

interact, but are time-consuming and expensive for even a single pair of proteins [16]. As 

there are over 200 million possible pairs of proteins in human, experimentally verifying 

the complete interactome is infeasible. Therefore, computational methods are often used to 

predict novel PPI in order to guide biological experiments.   

2.2 Pattern Classification Overview 

Pattern classification is an area of machine learning that seeks to make predictions 

based on patterns in data. One approach to pattern classification is supervised learning, in 

which one attempts to predict the class of new observations of data based on a set of 

training data where the classes are already known. The task of predicting novel PPI is an 

example of supervised learning: specifically, binary classification. The training data 

consists of a list of protein pairs, feature data describing each pair, and a class label 

indicating whether the proteins interact or not. From the training data, new pairs can be 
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classified as interacting or not. The case of predicting an entire interactome is generally 

done by examining every pair of proteins and predicting whether they interact or not. This 

is commonly done by generating a score for each pair of proteins. If the score for a pair of 

proteins is above a threshold, then the pair is said to interact. If the score is below the 

threshold, the pair is said to not interact. The threshold can be varied depending on the 

desired performance of the classifier, as detailed below. 

The performance of the classifier at different cut-off thresholds can be measured. 

This done by testing on a set of known positive (physically interacting) and negative (non-

interacting) pairs. To ensure independence between the training and testing data, these test 

pairs should not appear in the training data set. Each of the pairs in the testing set can be 

categorized as one of the following four cases depending on the true class label and the 

predicted class label: 

• True positive (TP): pair from positive class that was correctly predicted as 

positive (score above threshold) 

• True negative (TN): pair from negative class that was correctly predicted as 

negative (score below threshold) 

• False positive (FP): pair from negative class that was incorrectly predicted as 

positive (score above threshold; Type I error) 

• False negative (FN): pair from positive class that was incorrectly predicted as 

negative (score below threshold; Type II error) 

From these four basic metrics, more advanced metrics can be developed. Let N be the total 

number of negative pairs in the test data, and let P be the total number of positive pairs in 

the test data. The true positive rate (TPR) and false positive rate (FPR) are given by the 

two equations below: 

 𝑇𝑃𝑅 =
𝑇𝑃

𝑃
= 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑟𝑒𝑐𝑎𝑙𝑙 2.1 
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 𝐹𝑃𝑅 =
𝐹𝑃

𝑁
= 1 − 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 2.2 

The TPR gives the percentage of positives pairs that were correctly labelled as positive in 

the testing set (the TPR is also commonly known as sensitivity or recall). The FPR is the 

percentage of negative pairs that were incorrectly labelled as positive in the testing set (a 

similar metric, specificity, is 1 – FPR). The accuracy of the classifier for a cut-off threshold 

is given by the equation below: 

 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑃 + 𝑁
 2.3 

A perfect classifier would predict every positive pair as positive (TPR = 1) and 

every negative pair as negative (FPR = 0), giving an accuracy of 1. Classifiers are rarely 

perfect however, and a trade-off must be made between TPR and FPR. This is done by 

varying the cut-off threshold through all possible values, measuring the TPR and FPR for 

each cut-off threshold. The performance across all decision thresholds is often plotted on 

a received operating characteristic (ROC) curve, as illustrated in Figure 4 below. 

 A perfect classifier would exist in the top left corner of the ROC curve, at a TPR 

of 1 and FPR of 0, perfectly dividing the data between positive and negative. A 

conservative classifier which labels everything as a negative would be in the bottom left 

corner of the ROC curve, at a FPR of 0 and TPR of 0. A permissive classifier which labels 

everything as a positive would be in the top right corner of the ROC curve, at a TPR of 1 

and FPR of 1. The total area under the ROC curve (AUC-ROC) is often used as a single 

metric which summarises the entire performance of the classifier (with larger area being 

more accurate). However, when the predictions are made, the classifier must operate at a 

single point on the ROC curve. The AUC-ROC curve therefore has limited utility in 
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evaluating performance, as the classifier will generally operate within a very specific 

region of the ROC curve.  

 

Figure 4: ROC curve illustration (reproduced from [17]).  Each line A, B, C and D 

shows the performance of a different classifier. Line A represents a perfect classifier, 

where all true interactions are predicted without any false positives. Lines B and C 

represent two non-perfect classifier; B has higher performance than C at all operating 

points. Line D represents a classifier made with random guesses. 

In the case of predicting the entire interactome in a species, there are expected to 

be far more negative pairs that positive pairs. The ratio of negative pairs to positive pairs 

is known as the degree of class imbalance (CI). In human, it is estimated that there are 300 

negative pairs for every positive pair [12]. Therefore, when making novel predictions, the 

classifier should operate in a range of low FPR, elsewise the number of FP will far 

outweigh the number of TP when making novel interaction predictions. Both TPR and FPR 
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fail to reflect the impact of class imbalance. As such, precision (Pr) at the chosen operating 

point (or cut-off threshold) is generally a preferred metric, as Pr includes class imbalance. 

The precision is given in the equation below. 

 
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝑃𝑟) =

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

𝑇𝑃𝑅

𝑇𝑃𝑅 + 𝐹𝑃𝑅 ∗ 𝐶𝐼
 

2.1 

In this equation, the CI is given as the number of negatives for every positive. At a given 

cut-off threshold (and corresponding TPR, FPR, and class imbalance ratio), the precision 

gives the percentage of predicted positives that are expected to be TP. The precision at 

different cut-off threshold is commonly displayed in a precision-recall curve (P-R curve or 

PRC), as seen in Figure 5. 

 

Figure 5: Precision recall curve based on previous ROC curve (adapted from [17]). 

Line A represents a perfect classifier. Lines B and C represent two non-perfect 

classifier; B has higher performance that C at all operating points. Line D represents 

a classifier made with random guesses, for a class imbalance of 20:1. 
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This curve shows the percentage of predicted positives that are true positives as a 

function of the percentage of positives that are correctly predicted as positive. A perfect 

classifier would be in the upper right corner of the PRC, at a TPR of 1 and precision of 1. 

A permissive classifier that labels everything as positive would have a TPR of 1, and a 

precision of CI (which is the percentage of pairs that are expected to truly interact). A 

random classifier would be a horizontal line at the height of the CI. The area under the PRC 

(AU-PRC) is a better metric of overall classifier performance 

2.3 Protein-Protein Interaction Prediction Methods 

Protein-protein interaction (PPI) prediction methods can be grouped into two high-

level categories: simulation based methods and statistical/machine learning based methods 

[18]. Simulation based methods rely on molecular simulations of forces between different 

atoms in the proteins. Due to the high computational cost of such methods, they are rarely 

used for detecting novel interactions, but rather for estimating binding strength or 

interaction dynamics [18]. Since protein structures are not known for many proteins, 

template-based methods exist which seek to use sequence information to find proteins that 

may have similar structure. One example is PrePPI [19], which makes predictions by using 

sequence homology to find similar structures for an input pair of proteins. By then 

comparing the predicted structures with other known structures that are known to interact, 

the protein pair can be predicted to interact or not. PrePPI claims to be as accurate as 

experimental high-throughput screening methods [19]. However, template based methods 

are still limited by the lack of known structures and template structures [18]. 

The other high-level category is statistical or machine learning based methods. 

These methods usually rely on a positive set of experimentally verified interactions and a 
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negative set of protein pairs that are known to not interact in order to make and test novel 

PPI predictions. Positive interactions are available from several databases, including 

BioGRID [20], MINT [21], IntAct [22], DIP [23], HPRD [24], and MIPS MPact [25]. 

These six databases were integrated together by the protein interaction network analysis 

platform [26]. Specialized databases also exist which include interactions between viruses 

and hosts [27] and between HIV-1 and human [28]. Finding known protein pairs that do 

not interact is a more difficult challenge. Due to the class imbalance of the problem, authors 

commonly take random pairs of proteins that are have not been observed to interact as the 

negative set [29]. Other authors choose negative pairs from proteins that exist in different 

cellular locations; however, this may lead to a biased estimate of accuracy [30]. The 

Negatome database is a manually curated list of proteins pairs that are known to not interact 

[31]. 

Methods that rely on known interactions can use a variety of data sources on the 

proteins to make their predictions, including protein sequence, gene co-expression levels, 

phylogenetic profiles, evolutionary information, and known binding affinities. These data 

are commonly used with machine learning techniques, such as support vector machines 

(SVM), artificial neural networks (ANN), k-nearest neighbours (KNN), and random forests 

(RF), to make novel PPI predictions (reviewed in [32]). In addition to traditional pattern 

classification based approaches, other methods leverage sequence interlogs, network 

topology, and genomic context to make novel PPI predictions. Interlog-based methods rely 

on finding proteins that are conserved across different species. If two proteins that are 

conserved across species are known to interact in one species, then they are more likely to 

interact in the other species as well. In  [33] , a protocol was developed to automatically 
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map interlogs in different species to predict novel PPI. Network topology methods analyze 

the network of known PPI (where a protein is a node, and a known interaction between 

proteins is a vertex) in a variety of species to find common features. By comparing these 

networks to random networks, the methods can assign confidence scores to each protein-

protein interaction [34]. From this, novel interactions can be predicted, and interactions can 

be labelled as false positives. A method which relies on network topology as well as other 

protein information is explained in [35]. Other PPI prediction methods rely on genomic 

context. For example, gene neighbouring uses the fact that interacting genes are often 

located closely together on the genome of a prokaryotic organism to make PPI predictions 

[36]. Ref [37] describes a method that makes predictions based on gene fusion events. Gene 

fusion events occur when multiple genes are fused together on the genome, usually 

indicating a functional association that is conserved evolutionarily. Other genomic context 

based methods are reviewed in [32]. 

2.3.1 Protein-Protein Interaction Prediction from Sequence 

PPI prediction from sequence is a class of widely applicable PPI prediction methods 

that predict novel PPI from only the primary structure or the sequence of amino acids. 

Since amino acid sequences are widely available for a variety of species, these methods are 

widely applicable, able to be used on every pair of proteins with known sequence in a 

species. 

A basic idea behind many sequence-based PPI methods, including [9], [38] is as 

follows: if two proteins are known to interact, then two proteins that are similar to the 

known pair are also likely to interact. However, PPI are typically mediated by small 

sections of each protein that bind together. Therefore, sequence-based methods often 
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examine domains or small subsequence regions of each protein in order to make 

predictions. This idea is illustrated in Figure 6, where similar domains are illustrated by 

like-coloured rectangles. If two proteins, P1 and Q1 are known to interact, then every 

domain or unique section of protein P1 is more likely to bind with every domain or section 

of protein Q1. When these pairs of domains are seen in other proteins, those proteins are 

also more likely to interact. Pairs of domains that might contribute to an interaction are 

drawn with dotted black lines. By looking at all known PPI, domain pairs that are likely to 

cause interaction can be found.  

 

Figure 6: Overview of idea behind many sequence-based PPI predictors. Proteins P1 

and Q1 are known to interact. Similar domains in other proteins are indicated by 

like-coloured rectangles. When a pair of domains similar to those from an interacting 

protein is seen in other protein pairs, then that pair is also more likely to interact. 

(reproduced from [38]; image available under Creative Commons Attribution 

License 4.0: https://creativecommons.org/licenses/by/4.0/) 

https://creativecommons.org/licenses/by/4.0/
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Several sequence-based methods are described below; if a method does not have a 

name, it is referred to by the lead author’s name. Martin [39] is an SVM-based method that 

encodes proteins as vectors without any extra information related to amino acid properties 

or sequence function. This representation is based off the signature descriptor method 

which had seen success in the field of chemical informatics. Martin’s method was one of 

the first methods to make a purely sequence-based PPI predictor. Shen [40] is another 

sequence-based SVM method, similar to Martin. However, instead of using the signature 

descriptor method, Shen collects amino acids into seven groups based on their 

physiochemical properties. Shen’s method then counts the number of times each possible 

3-amino-acid group occurs in a protein, with a total of 7x7x7=343 possible values, and 

encodes the protein as a frequency vector of the counts. Guo [41] is another SVM-based 

method similar to Martin and Shen, which encodes proteins using 7 different 

physiochemical properties. Guo then uses auto-covariance of the sequence with itself at a 

30 amino acid offset to generate features for the SVM classifier. These methods, along 

with the PIPE method (which will be explained in detail in Section 2.3.3) were reviewed 

and compared by Park in [42]. The PIPE method was shown to have the highest 

performance among all these methods. Since the Park review, more methods have come 

been published, including Ding [43], which uses a random forest classifier along with a 

protein encoding similar to Guo et al.  

The SPRINT (Scoring PRotein INTeractions) method of predicting PPI is another 

recent sequence-based method [38], which detects similar subsequences in proteins by 

using “spaced seeds” [44] to determine sequence similarity. Spaced seeds are illustrated in 

Figure 7. Only the amino acids at certain locations are relevant (indicated by the non-* 
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positions within the spaced seed). If the amino acids at the spaced seed points are 

sufficiently similar (as defined by the PAM120 matrix [45]), then the regions 

encompassing the space seed are deemed similar. The spaced seeds used by SPRINT were 

generated automatically for the set of protein sequences examined using the method [46], 

and are given by {11****11***1, 1**1*1***1*1, 11**1***1**1, 1*1******111}. After 

similar regions between all pairs of proteins have been identified, SPRINT generates a 

score for a putative interaction by looping through known interactions and increasing the 

score of proteins that have similar areas to the interacting pair. After the score has been 

generated, all pairs that have a score higher than a tunable decision threshold are predicted.  

 

Figure 7: Spaced seed illustration. (a) shows exact match of two sequences using a 

spaced seed; (b) shows non-exact but similar match. (reproduced from [38]; image 

available under Creative Commons Attribution License 4.0: 

https://creativecommons.org/licenses/by/4.0/). 

The SPRINT method [38] compared itself to the previous methods reviewed by 

Park (which includes an old version of PIPE) as well as the more recent Ding [43] method. 

SPRINT was shown to be the most accurate on the test cases defined by [29]. Additionally, 

it was the fastest method listed, able to predict an entire interactome faster than any other 

method included in the comparison. 

https://creativecommons.org/licenses/by/4.0/
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2.3.2 Intra-, Inter-, and Cross-Species PPI Prediction 

An intra-species protein-protein interaction is a PPI that exists between proteins in 

a single species. The prediction of intra-species PPI is the most common application of PPI 

prediction methods.  

Conversely, inter-species PPI exist between proteins expressed in different 

species. For example, the Human Immunodeficiency Virus-1 (HIV-1) infects human cells 

largely by having HIV-1 proteins interact with human proteins in order to modify host cell 

functions to express the virus [14]. Knowledge of the PPI network between viruses and 

their hosts is therefore important for understanding the mechanisms of infection and for 

the identification of new therapeutic targets [14]. Host-pathogen PPI are the most well-

studied example of inter-species PPI, but other cases are possible, such as between 

symbiotic organisms or as part of the allergic reaction response in human.  

Cross-species PPI prediction leverages known intra-species interactions from one 

species to predict intra-species interactions in another species. A common example would 

be taking interactions from a well-studied model organism to make predictions for an 

under-studied species. 

In a well-studied virus with many known interactions, such as the Human 

Immunodeficiency Virus-1 (HIV-1), classic machine learning methods have been widely 

applied to host-pathogen inter-species PPI prediction with limited success (reviewed in 

[47]). Tastan et al. [48] were the first to perform a global PPI prediction between every 

pair of HIV-1 and human proteins. The authors trained a Random Forest classifier on 

various types of data, including Gene Ontology (GO) process, expression levels, sequence 

motifs and the human interactome, and found that they were able to predict PPI with a 
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Mean Average Precision (MAP) of 23% at a class imbalance of 100:1 (100:1 indicates 

there are 100 negatives for every positive pair). This work was extended in [49] by having 

HIV experts manually classify interactions into true interactions and probable interactions 

based on the amount of published evidence available for each interaction. Using a 

multilayer perceptron, the MAP was increased to 27.7%. Evans et al. [50] predicted 

interactions using virus and host sequence motifs; a calculated p-value showed predicted 

interactions affected cellular pathways known to be altered by HIV-1. Dyer et al. [51] used 

an SVM classifier trained with protein sequence k-mers, interaction domain profiles, and 

the degree of interaction of proteins within the human interactome. This method performed 

well, finding a precision of 70% at a recall of 40% (also at a class imbalance of 100:1). 

Mei [52] used probability-weighted ensemble transfer learning to predict interactions; the 

classifier achieved high recall and specificity, but the data set used for training and testing 

was artificially class balanced, making the classifier less suitable for global PPI prediction. 

Nouretdinov et al. [53] used conformal prediction to generate a confidence measure for 

each predicted interaction. Mukhopadhyay et al. [54] used an approach based on bi-

clustering and rule mining. Structure-based methods such as Doolittle et al.[55] and Zhao 

et al. [56] exist, but they are limited to the subset of human and HIV-1 proteins with known 

structures. 

Inter-species PPI prediction has also been applied to a wide variety of different 

species pairs, including Hepatitis C and human [57], Dengue Fever Virus and human [58], 

Arabidopsis thaliana and the pest Pseudomonas syringae [59], and more. DeNovo [60] is 

a SVM-based method designed to predict interactions between under-studied viruses and 
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human. DeNovo found that training with interactions between human and viruses similar 

to the under-studied virus produced the best results. 

Cross-species PPI prediction is often done using interlog-based methods. These 

transfer interactions known to occur in one species by finding similar protein pairs in a new 

species. Interlog methods usually have a low sensitivity (TPR), but can have a higher 

precision. Yang et al. reviews several interlog-based methods and implement their own 

Random Forest based method [61]. Chen et al. implement a domain-based method for 

cross-species PPI prediction [62]. The previously mentioned Martin et al. method is an 

SVM-based method that predicts cross-species interactions amongst human, mouse, yeast 

and Helicobacter pylori [39]. Xia et al. is a meta-method that uses six other PPI predictors 

to make cross-species PPI predictions using Saccharomyces cerevisiae data for training to 

predict PPI within Helicobacter pylori.  

2.3.3 The Protein-Protein Interaction Prediction Engine (PIPE) 

The Protein-protein Interaction Prediction Engine (PIPE), developed by researchers 

in the Carleton University Bioinformatics Research Group, is a method for predicting novel 

protein-protein interactions (PPI). Originally published in [9] as a method for predicting 

PPI in the yeast species S. cerevisiae (more commonly known as Baker’s yeast), the 

computational and classification performance of PIPE have since been improved in [63], 

[64]. In [65], the method was shown to be applicable to a variety of species including C. 

elegans, E. coli, H. sapiens, S. cerevisiae, and S. pombe. In [10], a parallel implementation 

of the method was used to complete a global prediction of PPI for every possible pair of 

proteins in H. sapiens, the first study of its kind. This effort required over three months of 

computational time on a SUN UltraSparc T2+ based cluster with 50 nodes, 800 processor 
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cores and 6,400 hardware-supported threads. The work in this thesis was done in 

collaboration with the Carleton University Bioinformatics Research Group, and the latest 

version of the source code for PIPE was received in 2016 from Dr. Andrew Schoenrock, 

one of the main contributors to PIPE. 

PIPE is a sequence-based method for predicting PPI. The only required data are a 

list of protein pairs that were experimentally determined to interact and the primary 

structure (or amino acid sequence) of each protein. With these training data, PIPE can 

produce a score for a given pair of proteins. This score can be used in two main ways: the 

first would be to rank protein pairs by score, with a higher score indicating a higher chance 

for the pair to interact. For example, if a researcher knew that a specific protein interacted 

with an unspecified protein, then a ranked list of pairs could provide guidance about which 

protein pairs to examine experimentally first. The second way to use the score would be in 

a binary decision: if the score is higher than a threshold (which varies with use-case), then 

the pair of proteins is predicted to interact; if it is lower, then they are predicted to not 

interact. The score cut-off threshold is generally set by using leave-one-out cross-validation 

(LOOCV) experiments (detailed below) to examine the sensitivity (TPR), specificity (1-

FPR), and precision at different score thresholds. This process is shown in Figure 8 below. 
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Figure 8: High level overview of PIPE. PIPE produces a score for a given set of protein 

pairs using a list of known interactions and the amino acid sequences of each protein. 

The score can be used to rank the pairs by likelihood of interaction or in a binary 

decision on whether the pair interacts or not. 

The most common use case for PIPE is a global or all-to-all prediction where PIPE 

is run on every possible pair of proteins in a species in order to predict the entire 

interactome, which is the set of all true PPI that occur inside a species. A cut-off threshold 

is set through LOOCV and then only those pairs with a score above that threshold are 

predicted to interact. The PIPE algorithm is highly effective for such all-to-all protein 

interaction predictions due to three features: its high specificity, its minimum input data 

requirements, and its fast, parallel implementation. Since there are many more proteins that 

are expected to not interact than to interact, the method must have a high specificity or else 

the number of false positives would overwhelm the number of true positives, making the 

all-to-all calculation useless. Many methods rely on 3D protein structure, which is 

unknown for a large number of proteins. In order to perform a species-wide test, only 

readily available information, such as amino acid sequence, should be used. Finally, as 
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there are several hundred million protein pairs to analyze for a typical species, the 

algorithm must efficient and implemented in parallel to complete in a reasonable time. 

The main idea behind PIPE is that interactions are mediated by short subsequences 

(or “windows”) of amino acids, generally where amino acids on the surfaces of the two 

proteins bind together or otherwise support the interaction. If two proteins are known to 

interact, then any given subsequence in each of the two proteins is considered to possibly 

form a complimentary surface or to support the interaction. If these windows are seen in 

other proteins, then those proteins are also considered more to interact. An alternative 

formulation of this idea is such: if a pair of windows in a protein pair is often seen in pairs 

of proteins that are known to interact, then the proteins that have those windows are more 

likely to interact themselves. 

PIPE implements this idea by examining a sliding window of 20 amino acids in 

each protein, and comparing it to a sliding window of 20 amino acids in every other protein. 

In a precomputation step, sequence similarity (as measured using the PAM120 matrix [45] 

with a threshold) is tested between all pairs of sliding windows in all proteins. The results 

of this precomputation are stored in an efficient binary file for each protein. This way, for 

each sliding window in a protein, all the proteins which contain a similar window anywhere 

inside them can be instantly looked up. This process is illustrated in Figure 9 with a sliding 

window of size 10 amino acids. 

In order to generate an interaction score for an input pair of proteins, denoted 

Protein A and Protein B, every pair of sliding windows between the proteins is examined. 

Here, WAi represents the window beginning at position i within protein A. For each pair of 

sliding windows in the input pair, all proteins that contain a similar window are identified 



 25 

from the pre-computed list of similar windows. Here, simprots(WAi) represents the set of 

proteins containing a window with sequence similarity to WAi. Then, the number of known 

interactions between all possible pairs from simprots(WAi) and simprots(WBj) are counted, 

and the number is stored in an interaction matrix at location (i,j).  

 

 

Figure 9: Illustration of the precomputation step with PIPE for a single protein. There 

are 4 sliding windows of size 10 amino acids. Each sliding window is compared to all 

other sliding windows in all proteins. Proteins which contain a sliding window that is 

similar to the sliding window being examined are stored in a binary database file. 

The PIPE algorithm is illustrated for one pair of windows in Figure 10. The pair of 

windows being considered is the first 10 amino acids in each protein (coloured in green in 

the figure). Note that the actual PIPE algorithm uses sliding windows of 20 amino acids; 

windows of size 10 are used here for clarity). Using the pre-processed similarity database, 

we can look up and find that proteins simprots(WA1) = {p1, p5, p9, p12, p24} contain a 

window that is similar to window WA1 of Protein A. Similarly, the set of proteins 

simprots(WB1) = {p2, p4, p9, p22, p64} contain a window similar to WB1 of Protein B. 

Looking in the known interactions database, we find that there are three interactions 

between these sets of proteins (p1-p2, p5-p9, and p12-p64). The landscape value at location 

(1,1) is therefore populated with a 3 for this pair of windows. 
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Figure 10: Overview of PIPE algorithm for one pair of sliding windows. This figure 

examines the first sliding window of 10 amino acids in each protein, highlighted in 

green. In step 1, the similar proteins for the windows highlighted in green are 

identified. In step 2, the known interactions between the similar proteins are counted 

(the known interactions are highlighted in bold and drawn as black lines between 

proteins in the two sets). This count is entered in the interaction landscape for these 

windows. This process is then repeated for each pair of windows. 

The process in Figure 10 in repeated for every pair of windows in the two proteins 

until a full interaction matrix (also referred to as interaction landscape) is generated. 

Sample interaction landscapes for novel PPI found with PIPE are shown in Figure 11 

below. The landscapes here are illustrated in 3D form, where height on the z-axis is equal 

the number of ‘hits’ or known interactions between sets of similar proteins. The height of 

a peak at location (i,j) represents to weight of evidence that subsequences WAi and WBj 

support a physical interaction between proteins A and B. As discussed below, by 

aggregating the height of all locations in the landscape, we arrive at a total score for the 

putative interaction between proteins A-B. Note that it is also possible to estimate the site 

of interaction within each protein by examining the landscape itself. This method is called 

PIPE-Sites [66] and is beyond the scope of this thesis.  
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Figure 11 Sample PIPE landscapes for two positive pairs (top row) and a negative 

pair (bottom row) (reproduced from [9]; images available under Creative Commons 

Attribution License 2.0: http://creativecommons.org/licenses/by/2.0). 

After generating the full interaction landscape for a protein pair, the landscape is 

summarized into a single value for ranking or binary classification purposes. This 

summarization is done with two different methods. The first method, which will be termed 

the ‘traditional PIPE score’, involves applying a type of filter to the landscape. The filter 

is illustrated in Figure 12. It works by setting a matrix element to a value of one if the 

element and its eight neighbouring entries are all non-zero; otherwise it sets the value to 

zero. The score is then the average value of the modified landscape.  

 

http://creativecommons.org/licenses/by/2.0
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Figure 12: Traditional PIPE score using filtering of landscape (adapted from [63]). 

The original landscapes are shown in the top row, and both are classified as positives. 

The bottom row shows the result of applying filter to each of the original landscapes. 

Now, the right landscape is correctly labelled as a negative. 

The second method of summarizing the landscape into a single score is known as 

the similarity-weighted (SW) method [64]. This method was developed because certain 

sliding windows are seen in a very large number of proteins, but are not responsible for 

supporting or mediating interactions. For example, common subsequences may have other 

non-PPI functions, such as sub-cellular localization signalling. The SW method normalizes 

the height of the landscape at a point by counting how many possible interactions there 

would be if every pair of similar proteins interacted. For location (i,j) this normalization 

factor would be |simprots(WAi)|*|simprots(WBj)|. This removes the effect of windows that 

are very common but do not cause interactions, and strengthens the effect of windows that 

are relatively rare, but are frequently seen in known interactions. This method is illustrated 

for a single pair of windows in Figure 13. After the score for each pair of windows is 
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divided by the normalization factor, the overall SW score is simply the average value of 

the landscape. The SW method was developed in [64] and compared to the original method; 

overall the SW method was shown to be superior the original method at all operating points, 

and is the main score used by PIPE. 

 

 

 

Figure 13: SW method for modifying landscape (reproduced from [64]). The 

similarity list of Ai given in figure is referred to as simprots(WAi) in this work. 

As briefly mentioned above, in order to set a score threshold for classification of 

protein pairs as interacting or not, leave-one-out cross-validation (LOOCV) is used. 

LOOCV provides the best estimate of future performance, as it simulates how PIPE will 
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perform when predicting a single new interaction that is not in the training data. Due the 

implementation of PIPE, LOOCV is very fast to perform. This procedure involves 

generating the PIPE score for each pair of proteins that are known to interact (the training 

data). When generating the score for a positive pair, that pair is held out of the training 

data. After finding the PIPE score for every pair of proteins that are known to interact, the 

PIPE score is found for a set of negative pairs that are believed to not interact. Since there 

are very few pairs that have been experimentally determined to not interact, random protein 

pairs are used as the negative set. Since the class imbalance of the problem is very high, a 

randomly selected protein pair is very unlikely to be a true interaction. The positive and 

negative protein pairs are then sorted in descending order of PIPE score. By moving the 

score threshold from the maximum score to the minimum score, the sensitivity (or TPR) 

and specificity (1-FPR) can be found for every threshold, forming an ROC curve. Figure 

14 shows the ROC curve for different species previously tested with PIPE. With an 

estimate of the class imbalance of the problem, a P-R curve can also be created. Using 

these curves, a score cut-off threshold can be selected based on the desired performance. 

For a given cut-off threshold, the most important metrics are the percentage of true PPI that 

were successfully predicted by PIPE (sensitivity), and the percentage of PPI predicted by 

PIPE that are expected to be true PPI (precision). 
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Figure 14: Sample ROC curve from PIPE with different species. The box in the 

bottom right shows the area the threshold is generally set in (reproduced from [65]). 

2.3.4 Summary of the State of the Art 

This chapter provided an overview of pattern classification and covers several 

sequence-based PPI predictors. At the time of this research, PIPE was a leading sequence-

based PPI predictor, faster and more accurate than other methods. However there are still 

limitations with PIPE. While PIPE is parallelized and has been optimized in the past, 

prediction runs are still excessive for large runs, such as the prediction between SCN – 

soybean or a human all-to-all (taking several weeks with even hundreds of parallel 

processes). While PIPE has been used for cross-species prediction in the past, the results 

were very preliminary and no attempts were made to optimize PIPE for this application.  
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Additionally, PIPE has never before been used for inter-species prediction. These topics 

will form the basis for the remainder of this thesis and the contributions therein. 
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3 Computational Improvement of PIPE  

3.1 Introduction 

Over the years, PIPE has been applied to larger and more complex PPI prediction 

problems. Originally, it was used to predict a small number of pairs within a single species 

[9]. In 2008, it was used to predict the entire S. Cerevisiae interactome [63]. To explore an 

entire interactome in a given species requires examining a total of 
(𝑁2+𝑁)

2
 pairs, where N is 

the number of proteins in the species (this equation is essentially (𝑁
2

) pairs, plus N pairs 

corresponding to a protein interacting with itself). As yeast has approximately 6,721 

proteins, the total number of pairs to examine was 22,589,281. After a parallel 

implementation of PIPE was created, the entire H. sapiens interactome was predicted (as 

N=20,238, the total number of pairs was 204,798,441) [67]. This effort required over three 

months of computational time on a SUN UltraSparc T2+ based cluster with 50 nodes, 800 

processor cores and 6,400 hardware supported threads. Since then, the computational 

performance of PIPE has been further improved. However, PIPE is also expected to handle 

even larger interactomes, such as the entire soybean (G. max) interactome (with N=75,781, 

the total number of pairs is 2,871,417,871 – over 10 times larger than the H. sapiens 

interactome). The inter-species predictions desired by Agriculture and Agri-Food Canada 

researchers are between pairs species with large proteomes such as soybean – human (G. 

max – H. sapiens) and soybean – SCN (G. max – H. glycines), which have a similar number 

of pairs to the soybean interactome. These inter-species prediction runs with PIPE would 

take several months on a medium sized compute cluster (e.g. 20 8-core CPUs). 

Furthermore, since both soybean and SCN are being actively investigated by several 
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research groups, their proteomes and sets of known interactions continue to evolve every 

few months. This requires periodic rerunning of the entire PIPE run to leverage these new 

data. As such, the PIPE algorithm is analyzed here and improved in order to complete these 

inter-species predictions in reasonable timeframe. 

In Section 3.2, the current PIPE implementation will be explained (termed “original 

PIPE”). In Section 3.3, a modified implementation of PIPE with a different core data 

structure will be proposed. In Section 3.4, the benchmarking methodology for the two 

implementations will be explained. In Section 3.5, a comparison of the two 

implementations will be given. In Section 3.6, these chapter will be concluded. 

3.2 PIPE Algorithm 

3.2.1 Preprocessing and Input Data Representation 

Before PIPE can be run on protein pairs to predict interactions, a pre-processing 

step must occur. This pre-processing step involves calculating which proteins contain 

similar windows of amino acids (as defined by the PAM120 amino acid substitution matrix 

and a threshold). This algorithm is show in Figure 15. It creates a database file for each 

protein; the database file contains a list of similar proteins for each sliding window of 

amino acids within the protein. A protein is added to the list of similar proteins if it contains 

a window at any offset that is similar to the specific window of the database protein. 
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10 

 

Input 

  list of proteins and sequences 

Output 

  database file for each protein listing similar proteins for each 

sliding window 

 

for each protein, p1 in list of proteins: 

  for each sliding window of amino acids, W1x in p1: 

    let similarProts = [] // empty list of proteins 

    for each protein, p2 in list of proteins: 

      let p2hasAnySimilar = False 

      for each sliding window of amino acids, W2y in p2: 

        if similarity(W1x,W2y) > threshold: 

           set p2hasAnySimilar = True 

      if p2hasAnySimilar == True: 

         add p2 to similarProts 

    write to db file for p1 with len(similarProts), similarProts 

    // this contains list of similar proteins for window p1x of p1 

 

Figure 15: Original pre-processing algorithm for PIPE. This algorithm creates a 

database file for each protein that contains a list of similar proteins for each sliding 

window of the database protein. 

The database file is written as a ragged array of unsigned integers in a binary file 

format. The general database format for a single protein is shown in Figure 16 (a) below. 

The length of the protein is written to the database file, followed by the number of similar 

proteins (#simP) to the first window (W1), followed by the indices of these similar proteins 

and so on. Figure 16 (b) shows a toy example of the database file for a protein. This 

invented protein is 23 amino acids long; however, since the sliding window size used in 

PIPE is of length 20 amino acids, there are only 4 sliding windows included (AA1-AA20, 

AA2-AA21, AA3-AA22, AA4-AA23). The first sliding window contains 4 similar 

proteins, proteins p1, p4, p26, p400. The ‘p’ prefix is added for clarity. These proteins are 

written to file as a single unsigned integer based on their index in the protein sequences 

file. The second window contains 2 similar proteins, p1 and p8. The third sliding window 

contains 1 similar protein, protein p1. The final sliding window contains 3 similar proteins, 

proteins p1, p8 and p24.  
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Figure 16: Illustration of general database format for a protein  (a). For each sliding 

window, similar proteins (simP) are stored. (b) Toy example of database format for a 

protein with length 23 amino acids. Each black box represents an unsigned integer 

written to the binary database file.  

In order to run PIPE on a pair of proteins, the pre-processing step must be completed 

for each of the proteins in the pair. The pre-processing step is generally run once for every 

protein in the species; the entire interactome (consisting of every possible pair) can then be 

predicted with PIPE. The run-time for the pre-processing step takes several orders of 

magnitude less time than the remainder of the PIPE algorithm and is therefore considered 

a flat start-up cost that does not significantly affect the overall runtime of PIPE. 

3.2.2 PIPE Score Generation Algorithm 

To predict whether a given pair of proteins, labelled ProtA and ProtB, interact, we 

first generate a score for the pair. If the score is greater than a threshold, we label it as an 

interaction. The score is generated by building a landscape of size 

length(ProtA)*length(ProtB) in size. This landscape is then reduced to a single value, 
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through an aggregation function such as the SW Score described in Section 2.3.3. This 

section will first analyze the generation of the landscape, as it is the most time-consuming 

step. This section will then briefly analyze the score generation algorithm. 

A high-level overview of the algorithm used to generate the landscape is as follows: 

for every pair of windows in the two proteins, count how many interactions exist between 

the pre-computed similar proteins for each of the windows; then, fill in the landscape with 

this count. This was explained in more detail in Section 2.3.3 and Figure 10. The actual 

implementation of the algorithm to generate the landscape is shown in Figure 17.  
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Input:  

  Two proteins ProtA and ProtB 

  Precomputed similarity files for each protein 

  List of known interactions for every protein 

 

Output:  

  landscape of size len(ProtA) * len(ProtB) 

 

landscape = 2D array of size(len(ProtA) x len(ProtB)) 

all(landscape) <- 0 

 

for each sliding window, WBx, in ProtB: 

 

  for each sliding window, WAy, in ProtA: 

 

    // Look up similar proteins to WAy from similarity DB of ProtA 

    for each similar protein, SPZ-WAy, in simprots(WAy): 

 

      // Look up every protein that interacts with SPZ-WAy 

      for each interaction partner, IP, in interactions(SPZ-WAy): 

 

        // Look up similar proteins to WBx from sim DB of ProtB 

        if IP is in simprots(WBx): 

          increment landscape at (y,x) 

 

Figure 17: Original PIPE algorithm for generating landscape. 

A Big O complexity analysis of the runtime behaviour of the landscape generation 

algorithm shown in Figure 17 can be used to analyze the expected impact of changes to the 

algorithm. The original Big O runtime is given by equation 3.1, which will be explained 

below. The line over each term is used to denote average 
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 𝑙𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛

= 𝑂( 𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡𝐴)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ∗ 𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡𝐵)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ∗ 𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

∗ 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠𝑃𝑒𝑟𝑃𝑟𝑜𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  ) 

 

3.1 

 

Lines 3 and 4 of Figure 17 loop over every pair of sliding windows in Protein A 

and Protein B. Since the sliding windows are overlapping, the number of times each line is 

executed is proportional to the number of amino acids, or length of the two proteins. Since 

the lines are nested, all terms are multiplied together. This gives the term 𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡𝐴)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ∗

𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡𝐵)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ . If protein A and B are of the same length on average, this term could be 

simplified to 𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ 2. However the separate formulation is used throughout this 

chapter to account for inter-species PPI prediction, where Protein A and B may have 

different average lengths.  

Lines 5-8 count the number of interactions between the similar proteins for each 

sliding window. Line 5 loops through all similar proteins to a sliding window from Protein 

A. The average number of similar proteins to a given window is denoted by 

𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ . Line 6 loops through all the known interacting partners of a 

similar protein. The average number of interactions for a protein is denoted by 

𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠𝑃𝑒𝑟𝑃𝑟𝑜𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ . Line 7 consists of an 𝑂(1) check to see if a protein is a member of 

the set simprots(WBx). In a previous version of PIPE, line 7 instead consisted of a loop 

going through all proteins in simprots(WBx) to check if the interaction partner IP was in the 

set. However in [64], this loop was replaced with an 𝑂(1) check by pre-processing the 

sparse similarity database of Protein B into a bit vector before the landscape was generated. 

Line 8 can also be completed in 𝑂(1) time. Overall, this leads to the runtime given by 

equation 3.1. 
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The Big O runtime for the aggregation of the landscape into a single score and the 

pre-processing of Protein B to allow an 𝑂(1) membership test are given below: 

 𝑙𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒 𝑠𝑢𝑚𝑚𝑎𝑟𝑖𝑧𝑎𝑡𝑖𝑜𝑛 = 𝑂( 𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡𝐴)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ∗ 𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡𝐵)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ) 3.2 

 𝑝𝑟𝑒𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 𝑠𝑡𝑒𝑝 = 𝑂( 𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡𝐵)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ∗ 𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  3.3 

As the above two equations are smaller than the landscape generation equation 

above, the summarization and pre-processing steps can be disregarded when estimating the 

overall Big O runtime of PIPE (as these terms are added, the smaller terms can be dropped 

in Big O formulation).   

3.3 Modified PIPE Algorithm 

Lines 5-8 of the PIPE algorithm explained in Figure 17 are used to compute the 

height of the proteinA-proteinB landscape at a given location (y,x). This algorithm can be 

reformulated as: for window WAy from protein A and window WBx from protein B, count 

number of proteins appearing in both of the following two sets: 

𝐼𝑊𝑆𝑃𝐴𝑦 = 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑠_𝑤𝑖𝑡ℎ (𝑠𝑖𝑚𝑝𝑟𝑜𝑡𝑠(𝑊𝐴𝑦)) 3.4 

𝑆𝑃Bx  =  𝑠𝑖𝑚𝑝𝑟𝑜𝑡𝑠(WBx) 3.5 

 

The first set, denoted 𝐼𝑊𝑆𝑃𝐴𝑦, contains the proteins that interact with the proteins that are 

similar to the window WAy. The second set, denoted 𝑆𝑃Bx, corresponds to the proteins 

similar to window WBx. If a protein is in both sets 𝐼𝑊𝑆𝑃𝐴𝑦 and 𝑆𝑃Bx, then it represents a 

known interaction between a protein similar to window WBx and a protein similar to the 

window WAy. In the original PIPE algorithm, this is done by looping through every member 

of 𝐼𝑊𝑆𝑃𝐴𝑦 and performing an O(1) check whether the protein is in set 𝑆𝑃Bx. As such, the Big 

O of finding the common subset is given by: 
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 𝑠𝑒𝑡 𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 𝑟𝑢𝑛𝑡𝑖𝑚𝑒 =  𝑂(𝑙𝑒𝑛𝑔𝑡ℎ(𝐼𝑊𝑆𝑃𝐴𝑦))

= 𝑂(𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ∗ 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠𝑃𝑒𝑟𝑃𝑟𝑜𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ) 

3.6 

 

However, the probability that a specific protein in set 𝐼𝑊𝑆𝑃𝐴𝑦 is also in set 𝑆𝑃Bx is given by 

the following formula: 

 
𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑡ℎ𝑎𝑡 𝑎𝑛𝑦 𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝑖𝑠 𝑖𝑛 𝑆𝑃Bx =

𝑙𝑒𝑛𝑔𝑡ℎ(𝑆𝑃Bx)

𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠
≈

𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤

𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
 

3.7 

 

where 𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠 is the total number of proteins in the species. Since 

𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is generally much smaller than 𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠 (and by definition 

is always smaller or equal), when PIPE loops through the proteins of set 𝐼𝑊𝑆𝑃𝐴𝑦, each 

protein will rarely be in set 𝑆𝑃Bx. This may seem unavoidable when only examining one 

pair of sets at a time. However, PIPE must repeat this process for every pair of windows in 

all pairs of proteins, resulting in many set intersection calculations. Therefore, we should 

consider an alternate data representation for PIPE.  

Instead of finding the intersection of sets 𝐼𝑊𝑆𝑃𝐴𝑦 and 𝑆𝑃Bx for each pair of sliding 

windows in the input proteins, we propose an alternate data representation in which each 

protein (or each potential member of the set intersection between 𝐼𝑊𝑆𝑃𝐴𝑦 and 𝑆𝑃Bx) is a key 

or index, and the sliding windows it occurs at within each input protein is the value. Instead 

of keeping the set of proteins 𝑆𝑃𝐵𝑥  for each window location x in protein B, we instead store 

𝑆𝑃𝑃𝑟𝑜𝑡𝐼𝐷, which is the set of all locations, x, for which the set 𝑆𝑃𝐵𝑥 contains ProtID.  

Similarly, we also transform 𝐼𝑊𝑆𝑃𝐴𝑦  to 𝐼𝑊𝑆𝑃𝑃𝑟𝑜𝑡𝐼𝐷, which is the set of all locations y for 

which the set 𝐼𝑊𝑆𝑃𝐴𝑦 contains ProtID. Essentially, rather than list all proteins similar to a 

given window, list all windows similar to a given protein. This way, we can build the 

common subset (and the interaction landscape) for every pair of windows at once by 
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examining each ProtID and incrementing the landscapes for every pair of windows 

between the sets 𝑆𝑃𝑃𝑟𝑜𝑡𝐼𝐷 and  𝐼𝑊𝑆𝑃𝑃𝑟𝑜𝑡𝐼𝐷. We would therefore never perform a membership 

check that returns false, and we expect to be able to reduce the time to build the landscape 

by the following factor: 

 𝑂(𝑡𝐿𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑂𝑙𝑑)

𝑂(𝑡𝐿𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑁𝑒𝑤)
=

𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠

𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤
 

 

3.8 

 

3.3.1 Modified Input Data Representation 

The new method of data representation requires two different types of database files 

for each protein. This first type of database file, referred to as a Type 1 DB file, is meant 

to represent the list of sets of proteins similar to a given window, denoted as 𝑆𝑃Bx in equation 

3.5 above (we refer to “list of sets” instead of “set” since we are now considering the set 

for every window within a protein instead of just a single window). This database file is 

organized to by ProtID to represent the 𝑆𝑃𝑃𝑟𝑜𝑡𝐼𝐷 transformation. This first database file is 

essentially the original database file (shown in Figure 16) flipped: instead of storing the 

similar proteins for each window (of the database protein), the new database stores the 

similar windows (of the database protein) for each known protein. The new database format 

is shown in Figure 18. Note that we know use simW(P#) instead of simP(W#) to reflect 

this difference.  
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Figure 18: Modified database format example for a single protein, Type 1 DB file.  

For each protein, store similar windows (simW) locations (e.g. amino acid offset) for 

each protein 

The modified pre-processing algorithm is shown in Figure 19. It is very similar to 

the original pre-processing algorithm in Figure 15. The only real difference is that lines 2 

and 4 were swapped in the newer algorithm in order to keep track of similar windows for 

each protein instead of similar proteins for each window. 
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Input 

 list of proteins and sequences 

 

Output 

 Type 1 DB file for each protein 

 

for each protein, p1 in list of proteins: 

 

  for each protein, p2 in list of proteins: 

 

    let similarWindows = [] 

    for each sliding window, W1x, in p1: 

 

      let p2hasAnySimilarx = False 

      for each sliding window, W2y, in p2: 

 

        if similarity(W1x,W2y) > threshold: 

           set p2hasAnySimilarx = True 

 

      if p2hasAnySimilarx == True: 

         add W1x to similarWindows 

 

    write a new line of p1 Type 1 DB file with 

len(similarWindows), similarWindows 

    // this contains list of windows in p1 that are similar to p2 

Figure 19: Modified pre-processing algorithm for PIPE to create Type 1 DB files. 
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The second type of database file, referred to as Type 2 DB file, is meant to represent 

the list of sets denoted as 𝐼𝑊𝑆𝑃𝐴𝑦 in equation 3.4 above. This database file is organized to 

by ProtID to represent the 𝐼𝑊𝑆𝑃𝑃𝑟𝑜𝑡𝐼𝐷 transformation. That is, a Type 2 DB file for protein 

A lists, for each protein (labelled ProtID), the list of window locations in protein A that are 

similar to a protein that interacts with the protein ProtID. The Type 2 DB file structure is 

shown in Figure 20. Note that this database file can sometimes contain the same window 

multiple times per protein (for example if a window in the database protein is similar to 

multiple proteins that interact with same protein). The Type 2 DB files are generated from 

the Type 1 DB file and a list of known interactions by following the algorithm given in 

Figure 21. 

 

Figure 20: Modified database format example for a single protein, Type 2 DB file. For 

each protein, list all windows (of protein A) that are similar to a protein that is an 

interaction partner (simWtoIP) with that protein. 
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1 

 

 

2 

3 

 

4 

5 

 

 

6 

7 

 

 

8 

9 

 

 

Input 

  List of Type 1 DB files 

  List of known protein-protein interactions 

 

Output 

  New Type 2 DB file for each protein 

 

helper = array of size total_proteins 

// each array index contains a linked list to store proteins 

 

for each protein, p1 in list of proteins: 

  db1 = Type 1 DB file for p1 

 

  for each protein, p2 in list of proteins: 

    simwindows = read similar windows from db1 for protein p2 

    // p2 line of contains list of windows similar to p2 

 

    for each known interaction partner, intpartner, of protein p2: 

      add simwindows to helper[intpartner] 

       

 

  for each protein, p2 in list of protein: 

    write to p1 Type 2 DB file with length(helper[p2]), helper[p2] 

    // this contains list of windows in p1 that are similar  

    // to proteins that interact with p2 

Figure 21: Modified pre-processing algorithm for PIPE to create Type 2 DB files. 

As mentioned previously, the pre-processing step of PIPE takes significantly less 

time than the prediction step, and can be considered a flat, start-up cost. The change to the 

pre-processing step outlined in this section did not change the runtime of the pre-processing 

step in any notable way, as the pre-processing step time complexity is dominated by the 

amino acid comparison step (lines 4-8 in Figure 19). Since the number of amino acid 

comparisons is necessarily the same in both algorithms, the expected runtime does not 

change.  

3.3.2 Modified PIPE Score Generation Algorithm 

Using the Type 1 and 2 DB files introduced above, the new PIPE algorithm is given 

in Figure 22 below. The new algorithm will produce the same results as the original 

algorithm explained in Figure 17 above, but with different computational cost.  
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2 
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4 

 

5 

6 

7 

 

8 

9 

10 

 

Input:  

  Two proteins ProtA and ProtB 

  Precomputed Type 1 and Type 2 DB files 

 

Output:  

  landscape of size len(ProtA) * len(ProtB) 

 

landscape = 2d array of size(len(ProtA) x len(ProtB)) 

all(landscape) <- 0 

 

db1 = read Type 1 DB file for ProtA 

db2 = read Type 2 DB file for ProtB 

 

for each protein, protID, in list of proteins: 

   simwindowsA = read protID entry from db1 

   simwindowsB = read protID entry from db2  

 

   for every window, simWA in simwindowsA: 

     for every window, simWB in simwindowsB: 

          increment landscape at (simWA, simWB) 

 

Figure 22: Modified PIPE landscape generation algorithm. 

The Big O computational cost of the new algorithm is given by the following 

equation: 

 𝑛𝑒𝑤 𝑙𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑂(𝑛𝑢𝑚𝑃𝑟𝑜𝑡𝑒𝑖𝑛𝑠 ∗ 𝑙𝑒𝑛(𝑑1𝑃𝑒𝑟𝑃𝑟𝑜𝑡)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ ∗ 𝑙𝑒𝑛(𝑑𝑏2𝑃𝑒𝑟𝑃𝑟𝑜𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ) 3.9 

Where 𝑙𝑒𝑛(𝑑𝑏1𝑃𝑒𝑟𝑃𝑟𝑜𝑡) is the average number of similar windows for a protein in a Type 

1 DB file and 𝑙𝑒𝑛(𝑑𝑏2𝑃𝑒𝑟𝑃𝑟𝑜𝑡) is the average number of similar windows for a protein 

in the type 2 database file. The Big O of the new landscape generation algorithm can be 

further simplified by substituting the following equations, which can be found by analyzing 

the algorithms given in Figure 19 and Figure 21. 

𝑙𝑒𝑛(𝑑𝑏1𝑃𝑒𝑟𝑃𝑟𝑜𝑡) =
𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡𝐴)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ∗  𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠
 

3.10 

𝑙𝑒𝑛(𝑑𝑏2𝑃𝑒𝑟𝑃𝑟𝑜𝑡) =
𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡𝐵)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ∗  𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠
∗ 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠𝑃𝑒𝑟𝑃𝑟𝑜𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  

3.11 

Substituting these into equation 3.12, we find the new Big O to be: 
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 𝑛𝑒𝑤 𝑙𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛

=  𝑂 (
𝑙𝑒𝑛𝑔𝑡ℎ (𝑃𝑟𝑜𝑡𝐴)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ∗ 𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡𝐵)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ∗ 𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ 2 ∗ 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠𝑃𝑒𝑟 𝑃𝑟𝑜𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠
) 

 

3.12 

 

Comparing this equation to the original landscape generation equation (equation 3.1 in 

section 3.2.2) we find: 

 𝑛𝑒𝑤 𝑙𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛

= 𝑂 (𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑙𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ∗  
𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠 𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠
) 

3.13 

 

 

The above equation confirms our assertion in Section 3.3 about how a new 

algorithm could avoid checking proteins that will not be in both sets. Since 

𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  must be smaller than 𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠, we expected the new 

landscape generation to be faster. In practice, 𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠 can be several orders of 

magnitude larger than 𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ , resulting in significant acceleration of the 

new PIPE algorithm. 

3.4 Benchmarking Methodology and Data 

The original PIPE algorithm, written in the C programming language using MPI 

and OpenMP for parallelization, was modified with the changes previously explained. 

Since PPI prediction is “embarrassingly parallel”, the total algorithm runtime is most 

affected by the time to calculate a score for a given protein pair. The C programming 

language is therefore expected to produce the fastest implementation for either algorithm. 

After showing that the new and old algorithms produced the same score for a given protein 

pair, the two algorithms were then timed and compared on several different species to 

examine the change in runtime. The species tested on were H. sapiens, A. thaliana, S. 
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cerevisiae, three important model species previously examined with PIPE. The prediction 

of H. sapiens interactions has historically taken the longest of all model species tested with 

PIPE, while S. cerevisiae has taken the shortest and A. thaliana has been in between. The 

new and old PIPE algorithms were timed on the prediction of a subset of protein pairs for 

each species. Every known interaction was predicted (labelled positive in table), and a 

subset of random protein pairs were tested (labelled negative in table). The sequences for 

each species were taken from UniProt [68], and known interactions were taken from 

BioGRID [20]. The testing data, as well as different parameters referenced previously are 

shown in Table 1 below, along with the number of pairs that would be tested for a full 

interactome prediction.  

Table 1: Intra-species PPI prediction test data for comparing new and old PIPE 

implementation algorithms. 

 H. sapiens A. thaliana S. cerevisiae 

𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  
35.1 21.7 8.2 

𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  
558 442 450 

𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠𝑃𝑒𝑟𝑃𝑟𝑜𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  6.45 3.33 8.15 

𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠 20,236 17,226 6,721 

Total known interactions 66,084 29,035 27,905 

Number positives tested 66,084 29,035 27,905 

Number negatives tested 66,084 3,000,000 3,000,000 

Number of pairs in all-to-all 204,757,966 148,376,151 22,589,281 

 

Afterwards, the modified algorithm was used on two different inter-species 

predictions of interest to Agriculture and Agri-Food Canada. The two inter-species 

predictions were between H. glycines and G. max (SCN – soybean), and between H. 
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sapiens and G. max (human – soybean). The species and interactions used to make these 

predictions are given in Table 2 below. The reasons for using the different training species 

will be further explained in Chapter 5. For the purposes of this chapter, it is sufficient to 

consider inter-species prediction as simply pooling together interactions and sequences 

from multiple species to create a single ‘pooled species’ on which to run PIPE. Since these 

predictions were of interest to Agriculture and Agri-Food Canada, all possible protein pairs 

were tested. The new implementation was used to complete an all-to-all prediction for each 

inter-species case. The old implementation was run in full on the SCN – soybean test, but 

only on a portion of interactions from the human – soybean test.  

Table 2: Inter-species predictions completed with PIPE at the behest of Agriculture 

Canada. 

 H. sapiens - G. max H. glycines - G. max 

𝑠𝑖𝑚𝑃𝑟𝑜𝑡𝑠𝑃𝑒𝑟𝑊𝑖𝑛𝑑𝑜𝑤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  
H. sapiens:   71.9 

G. max:        89.1 

H. glycines:  104.1 

G. max:         77.8 

𝑙𝑒𝑛𝑔𝑡ℎ(𝑃𝑟𝑜𝑡)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  

H. sapiens:   558 

G. max:        336 

 

H. glycines:  406 

G. max:         336 

𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠𝑃𝑒𝑟𝑃𝑟𝑜𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  1.66 0.287 

𝑡𝑜𝑡𝑎𝑙_𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠 H. sapiens:       20,236 

G. max:            75,781 

A. thaliana:      17,226 

Total:               113,243 

G. max:           75,781 

H. glycines:    21,868 

C. elegans:     26,725 

A. thaliana:    17,226 

Total:              141,600 

Number of known interactions H. sapiens – H. sapiens: 

66,084 

 

A. thaliana – A. thaliana: 

29,035 

 

Total: 95,119 

C. elegans – C. elegans: 

5,476 

 

A. thaliana – A. thaliana: 

29,035 

 

Total: 34,511 

Total_pairs to predict  1,594,212,316 1,657,178,908 

Total_pairs tested w/ new 1,594,212,316 1,657,178,908 

Total_pairs tested w/ old 143,992,932 1,657,178,908 
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All testing runs were completed on a local Carleton University computing cluster, 

comprising 18 compute nodes, each with a 100 GB SSD, 32 GB of RAM, and an Intel Core 

i7-3770 8-core processor at 3.40 GHz. For the larger all-to-all predictions, all 18 nodes 

were utilized to their full capacity, without any other programs being run (with the 

exception of programs run by the operating system). For the inter-species prediction, only 

2 threads could be executed in parallel due to the lack of available memory. For the intra-

species predictions, all 8 threads could be used. The run times of the different algorithms 

were found by instrumenting the code to report the run time of each protein pair tested; the 

average of these times is reported. While there would be some background noise due to 

operating system programs and measurement noise, they are expected to balance out over 

the various tests and protein pairs tested. The wall time of the entire testing set was 

compared to the average time per protein pair times the total protein pairs tested divided 

by the number of threads, and the results were very similar. This demonstrates that average 

wall time per protein pair is useful metric for comparing algorithms. 

In addition to the time taken to run PIPE on each protein pair, the times to generate 

the landscapes were also measured. These times also reflect the maximum potential speed 

up with PIPE. If only the SW score is calculated for each protein pair, then only the 

landscape generation section of the algorithm needs to be run. This is because the SW score 

calculates the overall score by taking the mean of each landscape value (modified by 

similarity values). The mean can be tracked by storing the total sum and number of window 

pairs, without storing the complete landscape. The other scoring methods use a filter, and 

therefore need the entire landscape. By not storing a complete landscape, PIPE can be run 

slightly faster while still calculating the SW score. This would also result in PIPE using 
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significantly less memory, potentially allowed more threads to be launched simultaneously. 

Since the SW score is the main score using, the landscape generation times give the 

maximum possible speedup with the new algorithm. 

3.5 Results and Discussion 

Table 3 shows the database size, database processing time, and PPI prediction 

timing results for the three intra-species PPI prediction tests. It can be seen that the database 

size increases with the new algorithm, but never increases passes the 100 GB limit on the 

local cluster used. The modified algorithm represents a space-time trade-off in the 

algorithm: more data is stored for each protein, but the computation of the landscape is 

performed more quickly. Since the database is stored as individual files for each protein on 

a SSD, the only limitation is that the database must fit on the SSD. Since this limit is not 

reached, the only significant effect of the space-time trade-off is an increase in 

computational speed. The database pre-processing also takes a very similar length of time 

with both algorithms. For each species, the new algorithm is significantly faster with 

speedups ranging from 8.3 times faster for S. cerevisiae to 53.2 times faster for H. sapiens. 

Additionally, the modified algorithm has the largest improvements on the species that take 

the longest time per protein pair. The all-to-all prediction times are also extrapolated to 

illustrate the full impact of the change when running PIPE. 
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Table 3: Intra-species time comparison tests for new and old PIPE algorithm 

implementation. All-to-all and database processing time are measured while using the 

full resources of the local cluster. 

 H. sapiens A. thaliana S. cerevisiae 

New Old New Old New Old 

Database size (GB) 18 1.6 5.6 0.7 1.9 0.2 

Database processing time 

(s; using 18 nodes, 8 

threads/node) 

3191 3194 1358 1325 263 255 

Time/pair positive (s) 0.0155 0.7700 0.0061 0.1103 0.0113 0.1280 

Time/pair negative (s) 0.0084 0.4447 0.0049 0.0615 0.0054 0.0448 

Weighted speed (s; with 

500:1 CI)  

0.0084 0.4453 0.0049 0.0616 0.0054 0.0449 

All-to-all prediction time 

estimate (hours; 500:1 CI; 

using 18 nodes, 8 

threads/node) 

3.3 175.9 1.4 17.6 0.2 2.0 

Landscape generation (s; 

weighted speed at CI 

500:1) 

0.0056 0.4405 0.0022 0.0586 0.0029 0.0427 

Total Speedup  

(~x faster) 

53.2x 12.5x 8.4x 

Landscape generation 

Speedup (~x faster) 

79.2x 26.4x 14.8x 

 

The new algorithm is comparable to another state-of-the-art algorithm, SPRINT 

[38]. The SPRINT method is reportedly able to predict the entire human interactome in 

approximately 11 hours on a specific 12-core machine. The new version of PIPE is able to 

perform this task in approximately 40 hours using 12 threads (on a different but comparable 

computer), which is comparable to SPRINT. Additionally, if the PIPE score landscape is 

not explicitly computed and the PIPE score is instead calculated directly, then PIPE’s 

runtime is reduced to 26 hours. This shows that the time required for PIPE is now at least 

within an order of magnitude of the state of the art. For comparison, the original version of 
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PIPE would take approximately 2110 hours (88 days) to perform the same analysis on a 12 

core machine. 

In the case of inter-species PPI prediction, similar speedups are seen as shown in 

Table 4. With the new algorithm, a prediction between all human proteins and all soybean 

proteins was able to be completed within ~3 days. Previously, this would have taken ~72 

days using the local cluster. The prediction between SCN and soybean was also completed 

using the revised algorithm in ~2 days instead of the ~42 previously required. 

Table 4: Inter-species time comparison tests for new and old PIPE algorithm 

implementation. All-to-all and database processing times reflect usage of all cluster 

resources. All-to-all predictions times were estimated using time/pair for consistency, 

but were similar to the actual total times.  

 H. sapiens - G. max H. glycines - G. max 

New Old New Old 

Database size (GB) 69 12 66 N/A* 

Database processing time (on 

18 total threads) (h) 

56.33 56.30 44.01 44.00 

Time/pair (s) 0.0057 0.1410 0.0037 0.0785 

All-to-all prediction time (using 

2 threads on 18 nodes) (hours) 

69.6 

(2.9 days) 

1733.9 

(72.2 days) 

47.6 

(2.0 days) 

1003.8 

(41.8 days) 

Speedup (~x faster) 24.9x 21.1x 

* unfortunately, the original database files for H. glycines - G. max were deleted due to 

lack of space on local cluster so their size cannot be reported. 

While substantial, the improvement in speed did not match the projected 

improvement from Big O analysis. This was expected however, as Big O does not reflect 

all constants that affect runtime.  
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3.6 Conclusions 

This chapter described the acceleration of the PIPE algorithm by changing the data 

structures created during the pre-processing step. The changes leverage the fact that many 

set intersection calculations must be performed to generate the PIPE score. While the 

original PIPE algorithm used an optimal algorithm for set intersection calculation between 

two sets, the modified algorithm transformed the list of sets data structure so that every set 

intersection calculation could be found directly, without needing to examine every set 

element like in the original algorithm. Experimental tests were used to verify that the 

modified algorithm was significantly faster for many common PIPE use cases, and is now 

comparable to the time of the leading state-of-the-art method, SPRINT. The new algorithm 

did not significantly change the pre-processing time or memory usage required for PIPE. 

The modified version will be contributed back to the Carleton Bioinformatics Group and 

used for future PIPE runs. 

The new PIPE algorithm raises a number of issues. One issue is the increase in 

database file size. The database file size did not affect runtime on the test cluster, as the 

largest set of database files was 69 GB, well below the SSD capacity of 100 GB. However, 

if PIPE were run on different clusters or for different species, the increase in size may be 

prohibitive. Another issue is that the pre-processing step must be re-run if the known 

interactions list changes. This makes it more difficult to use different list of known 

interactions, for example testing PPI prediction using interactions found using different 

experimental methods.  For the same reason, the new algorithm cannot be used in LOOCV 

testing, since LOOCV requires rerunning PIPE with slightly different interaction lists each 

time. This makes it more difficult to optimize the score decision threshold for intra-species 
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PPI predictions. However, it would still be possible to use the original PIPE algorithm for 

LOOCV and then the new algorithm for all-to-all predictions. The database-pre-processing 

would have to be re-run, but a significant amount of time would be saved for larger all-to-

all predictions. 
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4 Cross-species PPI Prediction 

4.1 Introduction 

PIPE has previously shown success in predicting intra-species PPI in relatively 

well-studied species with large numbers of experimentally verified PPI. Cross-species PPI 

prediction, where PPI from one species can be used to predict PPI in another species, is 

another important use case. Cross-species PPI prediction allows experimental data taken 

from well-studied species to be used to learn more about under-studied species, which often 

have very little data available to them, but are still important topics for research. For 

example, to predict PPI in SCN and soybean, which are both under-studied species with 

few known PPI, we will leverage cross-species prediction using C. elegans and A. thaliana 

model organisms respectively.  

A preliminary demonstration of PIPE’s ability to complete cross-species PPI 

prediction was presented in [11]. This work showed that the PPI in Baker’s yeast (S. 

cerevisiae) could be used to predict human (H. sapiens) PPI and vice-versa. However, they 

only showed that the predictions were better than random chance, and did not explore or 

develop best practice for making cross-species predictions. In this chapter, best practices 

for cross-species PPI prediction will be examined, including from which species to take 

training data, for which species valid predictions can then be made, whether using 

combinations of training species could be advantageous, and whether the PIPE score needs 

to be modified for cross-species prediction. 
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4.2 Methods 

4.2.1 Training Data 

In order to test the cross-species prediction performance of PIPE, data from 

multiple species with known interactions was needed. Therefore, the PPI data from all 

available model species was downloaded from BioGRID [20]. The data were filtered to 

only include physical PPI, and not genetic interactions or functional associations. The types 

of interactions in BioGRID were listed as physical association, direct interaction, 

colocalization, and association. The data were then filtered to only include intra-species 

interactions (in order to simulate using one species’ intra-species interactions to predict 

another species’ intra-species interactions). Duplicate interactions were removed from the 

data. The data were then filtered to exclude species that had ten or fewer PPI. There were 

seventeen species that met this criterion. For each of those species, the amino acid 

sequences of every protein was downloaded from the UniProt database [68]. The Swiss-

Prot database is the subset of proteins that have been manually annotated and reviewed by 

UniProt. If a known interaction from BioGRID did not correspond to a Swiss-Prot protein, 

then the sequence instead was taken from the larger TrEMBL UniProt database, which 

comprises automatically annotated and reviewed proteins. The results of this data 

processing is shown in Table 5 below.  
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Table 5: Number of intra-species PPI for the different species used, sorted by number 

of interactions. 

Scientific name Common name # sequences # interactions 

Homo sapiens Human 20,236 66,084 

Arabidopsis thaliana Mouseear cress 17,226 29,035 

Saccharomyces cerevisiae Brewer’s yeast/ Baker’s 

yeast 

6,721 27,905 

Drosophila melanogaster Common fruit fly 8,529 25,013 

Caenorhabditis elegans Nematode (roundworm) 5,891 5,476 

Schizosaccharomyces 

pombe 

Fission yeast 5,141 3,549 

Mus musculus House mouse 17,096 3,402 

Plasmodium falciparum Malaria parasite 1,270 2,250 

Rattus norvegicus Common rat 8,129 531 

Xenopus laevis African clawed frog 169 117 

Solanum lycopersicum Tomato 474 98 

Danio rerio Zebrafish 3,080 94 

Oryza sativa Asian rice 3,832 29 

Gallus gallus Red junglefowl (chicken) 2,305 28 

Bos taurus Bovine (cow) 6,026 26 

Glycine max Soybean 429 24 

Candida albicans Pathogenic yeast 1,014 19 

 

4.2.2 Normalization Factor Change 

Normalization of the interaction landscape (as explained in Section 2.3.3) by 

sequence window uniqueness has shown great success for same-species PPI prediction in 

past [64], and is the main way the landscape is summarized into a single SW-score for a 

protein pair by PIPE (after this normalization, the score for the protein pair is simply the 

average value of the landscape). However, this basic form of normalization may not be 

suitable for cross-species PPI prediction. Consider the example of using known mouse-

mouse and human-human intra-species training PPI (which are numerous as they are very 

well studied) to predict intra-species PPI in the test species dog (of which very few are 

known). Using the original normalization approach, for a given pair of windows, WA and 
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WB, the count of known interactions would be normalized by the total number of possible 

interactions as in equation 4.1:  

 𝑛𝑜𝑟𝑚𝑓𝑎𝑐𝑡𝑜𝑟 = (𝑓ℎ𝑢𝑚𝑎𝑛
𝑊𝐴 + 𝑓𝑚𝑜𝑢𝑠𝑒

𝑊𝐴 + 𝑓𝑑𝑜𝑔
𝑊𝐴) ∗ (𝑓ℎ𝑢𝑚𝑎𝑛

𝑊𝐵 + 𝑓𝑚𝑜𝑢𝑠𝑒
𝑊𝐵 + 𝑓𝑑𝑜𝑔

𝑊𝐵) 4.1 

Where, 𝑓ℎ𝑢𝑚𝑎𝑛
𝑊𝐴  is the frequency of window A in human and so on. This equation implies 

that there are possible interactions between proteins from human and mouse, and 

normalizes as such. While human and mouse proteins may interact in-vitro, no such inter-

species interactions are used in the training data. This makes the normalization factor 

unfairly penalize amino acid windows when there are similar windows in multiple species. 

This effect will become more pronounced as the number of similar proteins and the number 

of species increases. Additionally, it also normalizes by how frequently the window shows 

up not only in the training species, but also in the test species dog proteome. Since very 

few interactions are known for dog (and none used for training), this normalization factor 

does not reflect the true number of possible interactions among similar proteins in the 

training set, and should not be accounted for. 

The new normalization factor (seen in equation 4.2) takes this into account, and 

only normalizes between species when there is training available data for that species. This 

is illustrated in Figure 23 below. 

 𝑛𝑜𝑟𝑚𝑓𝑎𝑐𝑡𝑜𝑟 = 𝑓ℎ𝑢𝑚𝑎𝑛
𝑊𝐴 ∗ 𝑓ℎ𝑢𝑚𝑎𝑛

𝑊𝐵 + 𝑓𝑚𝑜𝑢𝑠𝑒
𝑊𝐴 ∗ 𝑓𝑚𝑜𝑢𝑠𝑒

𝑊𝐵  4.2 
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Figure 23: SW score normalization change for cross-species prediction. In this 

example, dog-dog PPI are predicted from human-human and mouse-mouse training 

data. 

A cross-species version of PIPE was created to account for this. The new version 

of PIPE keeps track of the species of origin for each protein, and normalizes the score by 

only the relevant type of interaction available in the training data. For example, if human-

mouse PPI were available, the normalization factor in Figure 23 would increase to reflect 
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the 7x7=49 possible interactions between human-human, mouse-mouse, and human-

mouse proteins. 

Figure 24 illustrates how the normalization factor would change as the number of 

species and number of similar proteins changes. In this figure, the number of proteins on 

the x-axis represents how many similar proteins are seen in each species for a single 

window. As the number of species increases, the effect of the normalization change 

becomes more pronounced. Furthermore, since each protein window has a different 

number of similar proteins, the change in normalization factor affects each PIPE prediction 

differently; it is not strictly a uniform scaling across all predicted interactions. 

 

Figure 24: Normalization factor as a function of the number of proteins for 3 different 

numbers of species. The number of proteins number represents how many similar 

proteins are seen in each species for each of the two windows being examined. 

The effect of this normalization change was tested using the species data given in 

Section 4.2.1. The eight species with more than 2000 known interactions were used for this 

experiment. Two different tests were completed. The first test used each of the eight species 

to predict the seven remaining species using cross-species predictions. This test examined 
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if the score normalization had any effect for cross-species predictions involving a single 

training species. ROC and PRC were generated, and the area under the PRC (AU-PRC) 

and precision at 25% TPR (Pr@25%TPR) were used as scoring metrics to compare the 

classification performance of the original score and the modified score. The second test 

made predictions in each species using all seven remaining species at once. This tested 

whether the normalization change becomes more pronounced as the number of training 

species increases. No sub-sampling of the interactions was done at any step; all available 

interactions were used for the cross-species predictions. In order to test if the normalization 

factor change improved the performance on the two metrics given, a Student’s paired t-test 

was performed using the R programming language. The paired t-test function produces an 

estimate of the true difference in the means of the performance metrics for each 

normalization factor, as well as a p-value indicating how likely this difference is under the 

null hypothesis that the means are the same.  

4.2.3 Evolutionary Distance Relation to Classification Performance 

A main hypothesis tested in this chapter was that a training species that is more 

closely related evolutionarily to a test species would perform better for cross-species PPI 

prediction, as protein sequence, structure, and function are more likely to be conserved 

between closer species. To test this, the evolutionary divergence times were taken from 

TimeTree [69] (available at www.timetree.org). The evolutionary divergence timeline 

estimates are shown in Figure 25 below for all species. Note that multiple species may be 

equidistant from a given species. For example, M. musculus and R. norvegicus are 

equidistant from H. sapiens. 

http://www.timetree.org/
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Figure 25: Evolutionary divergence timeline estimates for species used (generated 

with [69]).  The units are million years ago (MYA). The colours represent geological 

era and can be disregarded.  

To test if evolutionary distance is related to accuracy, we ran tests to predict every 

species’ PPI from every other species’ PPI. The hypothesis being that the performance 

ranks would be inversely correlated with evolutionary distance ranks. For example, when 

predicting M. musculus (mouse) PPI, the highest performance would be expected when 

training with M. musculus PPI, followed by training with R. norvegicus (rat) PPI, followed 

by H. sapiens (human) PPI and so forth.  

However, there are different amounts of known interactions for each species; it may 

be that using a better-studied species with more interactions for training would perform 

better even though it is further away evolutionarily. To control for this, we ran a test 

controlling for size of the known interactome. Limiting ourselves to the eight species with 

more than 2000 interactions, we predicted the entire interactome of each of the eight 

species from 2000 randomly sampled interactions from each of the other eight species.  We 
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tested the performance of the cross-species prediction on all known positive interactions of 

the test species as well as 100,000 random pairs from the test species to be used as a 

negative set. This allowed us to create a ROC curve for each test species from each training 

species. To prevent the random sampling of interactions from affecting results 

significantly, we repeated the entire process 20 times drawing different training subsets 

each time. The 20 different ROC curves for each test-training species pair were then 

averaged to summarize the performance of any training species on any testing species.  

We used Kendall’s Tau-b rank correlation test and the Spearman rank correlation 

test to examine if the relative evolutionary distance (i.e. ranking training species in order 

of most recent common ancestor with testing species) was correlated to the experimental 

performance ranks for each training species. For example, in predicting H. sapiens PPI, the 

evolutionary distance ranks of the other species are given in Table 6 below, alongside 

hypothetical ranks on a performance metric that are perfectly correlated to the expected 

(though without tied performance ranks). Note that species that are equally divergent from 

the test species are given the same evolutionary distance rank.  The correlation coefficients 

would be calculated on the second and third columns in Table 6. Since there are multiple 

species that are equally distant evolutionarily, a perfect correlation is unlikely. 

The performance metrics tested were area under the precision-recall curve (AU-

PRC) and precision at 25% TPR (Pr@25%TPR). When computing precision, a class 

imbalance of 10:1 (ten negatives for every positive) was used. Although changes in class 

imbalance could affect relative order for the AU-PRC metric, they would not affect the 

relative ordering of the Pr@25%TPR metric. 
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Table 6: Hypothetical performance rank resulting from using 8 different training 

species to predict H. sapiens PPI. The evolutionary distance ranks give the relative 

order amongst the training species for the degree of closeness between the training 

species and the test species H. sapiens. The performance ranks column gives the 

ordering from best training species to worst training species for the performance 

metric chosen. 

Training species Performance 

ranks 

Evolutionary 

Distance Ranks 

H. sapiens 1 1 

M. musculus 2 2 

C. elegans 3 3 

D. melanogaster 4 3 

S. pombe 5 4 

S. cerevisiae  6 4 

A. thaliana 7 5 

P. falciparum 8 6 

 

To test the statistical likelihood of a correlation between evolutionary distance and 

prediction accuracy, we used the null hypothesis that there was no relation between 

evolutionary distance and accuracy. This is equivalent to predicting the Spearman and Tau-

b correlation coefficients to be zero for data like seen in Table 6. The probability of 

observing the experimental results under the null hypothesis (i.e. the p-value) was found in 

two different ways. The first was a statistical method found through approximations of the 

spearman and Tau distributions. This method was implemented in the R programming 

language based on [70]. The second method of generating a p-value was through 

permutation tests. In this method, the Spearman and Kendall’s correlation coefficient are 

calculated for each training species on a test species. The evolutionary distance ranks (as 

seen in Table 6) are then shuffled randomly many times, and the correlation coefficients 

are calculated each time. The p-value is then the percentage of shuffled ranks which 

produce a correlation coefficient as extreme as the experimentally observed value. These 
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two p-value methods were performed on each performance metric for every pair of training 

and testing species. 

The previous methodology produces a p-value for each test species. It would be 

possible for some test species to have significant p-values while other test species will not 

have significant p-values. In order to summarize results over all the different test species, 

the experimental data should also be combined in a single test. This was done with a 

modified form of the Kendal Tau-b rank correlation. Kendall's Tau-b formula is given in 

the equation 4.3, from [70].  

 𝜏𝐵 =
𝑛𝑐 − 𝑛𝑑

√(𝑛0 − 𝑛1)(𝑛0−𝑛2)
 4.3 

In this equation, nc and nd represent the number of concordant and discordant pairs 

of ranks. This is found by looping through every pair of paired ranks (e.g. every pair of 

rows in Table 6) and counting the number of times when both the expected and actual ranks 

are homogenously larger or smaller in one row or the other (concordant ranks) and the 

number of times this does not occur (discordant ranks). The divisor of the equation is a 

normalization correction to account for the number of non-duplicate rank pairs. n0 is the 

total number of rows in the table, while n1 and n2 are the number of duplicate ranks for 

each column. This correlation coefficient was adapted by counting the number of 

concordant and discordant ranks for each test species individually before summing the 

results and calculating a single modified Tau-b coefficient that encompasses every pair of 

training and testing species. Since the modifications may invalidate the assumptions used 

in regular p-value estimation for the Tau-b test, the p-value was found through permutation 

tests only. Once again, the permutation test involved shuffling the evolutionary distance 

ranks for each species repeatedly, calculating the modified Tau-b coefficient for each 
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shuffle, and then finding the percentage of times when the shuffled correlation coefficient 

was as large as the experimental correlation coefficient. 

4.3 Results 

In this section, results are presented for two types of cross-species experiments. 

First, the new PIPE SW-scoring normalization change is examined for both a single 

training species and for multiple training species. Second, the classification performance 

as a function of the evolutionary distance between the training and testing species is 

examined. 

4.3.1 Normalization Factor Accuracy Difference 

4.3.1.1 Single Cross-Species 

Figure 26 shows the ROC curves for predicting H. sapiens – H. sapiens PPI from 

each of the seven other species. It can be seen that the new normalization factor makes a 

slight difference in certain regions of the ROC curve. Figure 27 shows the ROC curves for 

predicting M. musculus – M. musculus PPI from the seven other species tested. The 

increase in accuracy at certain points in the ROC curve is much clearer for M. musculus – 

M. musculus prediction than H. sapiens – H. sapiens prediction. The ROC and P-R curves 

for other test species are included in the Appendix A (Figure 37 – Figure 52). Table 18 in 

Appendix A shows the performance metrics (AU-PRC and precision at 25% TPR) for each 

individual pair of training and testing species. A paired t-test was performed on the data in 

Table 18 to test if the true difference in the means of the performance metric for each 

normalization method was equal to zero. Table 7 shows the t-test results. The results show 

that the true mean of the differences between scoring methods is not equal to zero (p-value 
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< 0.0001 for both performance metrics). The true difference in mean precisions for the new 

normalization method compared to the old is estimated to be 1.1% and 1.9% for the AU-

PRC and precision at 25% TPR metrics respectively (which represents a 6% and 9% 

increase in performance). Table 7 and Table 8 show that, while there are some test-species 

where it performs slightly worse, the new scoring method outperforms the old 

normalization method when using a single training species. 

 

Figure 26: Prediction of H. sapiens – H. sapiens PPI from seven training species. 

Subplot title gives the training species. 
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Figure 27: Prediction of M. musculus – M. musculus PPI from seven training species 

Subplot title gives the training species. 

Table 7: Paired t-test results comparing two methods of normalization for each 

performance metric for the single training species cross-species prediction. 

 AU-PRC Pr at 25% TPR 

t-test difference in means (new – old) 0.011 0.019 

t-test p-value 2.87e-05 5.71e-05 

 

Table 8: Performance metrics for cross-species PPI prediction in different test 

species. Value is average score when predicting from each training species. 

Test species 

AU-PRC Pr at 25% TPR 

New Old New Old 

A. thaliana 0.163 0.148 0.164 0.142 

C. elegans 0.190 0.193 0.206 0.209 

D. melanogaster 0.157 0.142 0.166 0.141 

H. sapiens 0.239 0.221 0.284 0.247 

M. musculus 0.337 0.295 0.422 0.357 

P. falciparum 0.127 0.110 0.130 0.111 

S. cerevisiae 0.200 0.210 0.225 0.237 

S. pombe 0.244 0.248 0.288 0.292 

Average 0.207 0.196 0.236 0.217 
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4.3.1.2 Multiple Cross-Species 

Figure 28 shows the ROC curve for predicting H. sapiens – H. sapiens PPI from 

using the seven other species at once. It can be seen that the new scoring method performs 

significantly better than the original scoring method in this case. The performance change 

is more significant than the single cross-species prediction, as was expected. Figure 29 

shows the ROC curve for each testing species when known interactions in the remaining 

seven species were pooled together as training data. Figure 30 shows the equivalent PRC. 

In Figure 30, there appear to be rapid changes in the precision at low TPR when predicting 

A. thaliana and P. falciparum. This is due the fact that there are very few predicted pairs 

at these extreme decision thresholds, and a single FP can significantly alter the precision 

and lead to such spikes. Table 9 shows the performance metrics for the two scoring methods 

for each test species. Table 10 shows the results of a paired t-test being performed on Table 

9. The t-test results show that the true mean of the differences between scoring methods is 

not equal to zero (p-value < 0.01 for both performance metrics). The true difference in 

mean precision for the new normalization method compared to the old is estimated to be 

9.6% and 16.4% for the AU-PRC and precision at 25% TPR metrics respectively (which 

represents a 45% and 67% increase in performance).  
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Figure 28: ROC curve for multi-species cross-species prediction of H. sapiens PPI 

showing the performance of the two methods of normalization. 

 

Figure 29: ROC curves of using seven training species to predict intra-species PPI in 

the eighth species. Subplot title indicates test species. 
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Figure 30: P-R curves at 10:1 CI for each of the testing species when using the seven 

other species for training data. Subplot title indicates test species. 

Table 9: Cross-species performance metrics when using multiple training species. 

Test species 

AU-PRC Precision at 25% TPR 

New Old New Old 

A. thaliana 0.214 0.138 0.211 0.104 

C. elegans 0.249 0.197 0.269 0.160 

D. melanogaster 0.200 0.156 0.213 0.127 

H. sapiens 0.367 0.186 0.494 0.134 

M. musculus 0.633 0.557 0.959 0.963 

P. falciparum 0.140 0.090 0.144 0.078 

S. cerevisiae 0.299 0.125 0.370 0.083 

S. pombe 0.416 0.298 0.633 0.330 

Average 0.315 0.218 0.412 0.247 

 

Table 10: Paired t-test results comparing two methods of normalization for each 

performance metric for the multiple training species cross-species prediction. 

 AU-PRC Pr at 25% TPR 

t-test difference in means (new – old) 0.096 0.164 

t-test p-value 1.68e-03 9.94e-03 
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4.3.2 Evolutionary Distance Relation to Accuracy 

Having established that the new score normalization approach is beneficial when 

using multiple training species, we next explore whether evolutionary distance can inform 

the selection of which training species to include for a given test species. Figure 31 shows 

average P-R curves resulting from predicting H. sapiens – H. sapiens PPI with a random 

sample of 2000 interactions (repeated twenty times) from each of the eight species. The P-

R curves for the other species are given in Appendix A (Figure 53 – Figure 60). In each of 

the P-R curves, certain training species are far more effective than others when predicting 

intra-species PPI. In particular, when the training and test species are the same, maximum 

accuracy is observed. Figure 31 also appears to suggest that species that are more closely 

related to the test species may result in higher prediction accuracy (here, M. musculus is 

most closely related to H. sapiens and has the highest cross-species prediction accuracy). 

Table 11 and Table 12 show the performance metrics rankings for each training species 

when predicting H. sapiens interactions.  Table 19 in Appendix A shows the performance 

metric rankings for each testing species. 
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Figure 31: P-R curve of using different species to predict known H. sapiens 

interactome. The data for each training species comprised 2000 randomly sampled 

interactions to control for interactome size. This was done 20 times and the 

performanc curves were averaged. Each line represents a different training species. 
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Table 11: Ranks and values of AU-PRC for predicting H. sapiens from other species. 

Here, rank_evo reflects relative distance (by number of common ancestors) between 

the training species and H. sapiens.  

Species 

AU-

PRC 

Rank_ 

AU-PRC 

Rank_ 

Evo 

H. sapiens 0.409 1 1 

M. musculus  0.388 2 2 

S. pombe 0.241 3 4 

S. cerevisiae  0.230 4 4 

C. elegans 0.217 5 3 

D. melanogaster 0.189 6 3 

A. thaliana 0.159 7 5 

P. falciparum 0.137 8 6 

 

Table 12: Ranks and values of Precision at 25% TPR for predicting H. sapiens from 

other species. Here, rank_evo reflects relative distance (by number of common 

ancestors), between the training species and H. sapiens.   

Species 

Pr@25%TPR Rank_ 

Pr@25%TPR 

Rank_ 

Evo 

H. sapiens 0.635 1 1 

M. musculus  0.630 2 2 

S. pombe 0.280 3 4 

S. cerevisiae  0.277 4 4 

C. elegans 0.249 5 3 

D. melanogaster 0.206 6 3 

A. thaliana 0.157 7 5 

P. falciparum 0.140 8 6 

 

At a very high-level, it appears that the evolutionary ranks of the training species 

when sorted by the performance metrics are proportional to the expected rank ordering 

from evolutionary distance, at least for H. sapiens. Table 13 shows the correlation 

coefficient between the expected ranks and the actual ranks of the AU-PRC performance 

metric on every test species for both the Kendall’s Tau-b and Spearman correlation 

coefficient. The p-values are also found, through both classic statistical testing and through 
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permutation tests (100,000 permutations tested). The p-values with p < 0.05 are highlighted 

in bold. 16 out of the 32 p-values meet this significance criterion. Table 14 shows the 

equivalent table for the Pr@25%TPR performance metric. Here, 19 of 32 p-values meet 

the significant criterion for this metric.  

Table 13: Statistical tests for rank correlation between the expected rank (based on 

evolutionary distance) and the actual rank of the AU-PRC at 10:1 CI for each test-

species. Permutation tests were done with N = 100,000. P-values smaller than 0.05 are 

shown in bold. 

 Kendall's Tau-b correlation Spearman's rank correlation  
corr. 

coeff. 

p-value 

(from 

R) 

p-value 

(permutation 

test) 

corr. 

coeff. 

p-value 

(from R) 

p-value 

(permutation 

test) 

A. thaliana 0.68 0.033 0.018 0.76 0.027 0.017 

C. elegans 0.44 0.132 0.087 0.52 0.188 0.099 

D. melanogaster 0.82 0.006 0.002 0.93 0.001 0.001 

H. Sapiens 0.67 0.024 0.014 0.80 0.018 0.012 

M. musculus 0.82 0.006 0.002 0.89 0.003 0.003 

P. falciparum 0.50 0.127 0.124 0.58 0.134 0.125 

S. cerevisiae 0.32 0.288 0.184 0.34 0.406 0.206 

S. pombe 0.48 0.111 0.076 0.58 0.129 0.069 

 

Table 14: Statistical tests for rank correlation between the expected rank (based on 

evolutionary distance) and the actual rank of the precision at 25% TPR at 10:1 CI 

(CI does not affect order for this metric). Permutation tests were done with N = 

100,000. P-values smaller than 0.05 are bolded. 

 Kendall's Tau-b correlation Spearman's rank correlate 

ion  
corr. 

coeff. 

p-value 

(from 

R) 

p-value 

(permutation 

test) 

corr. 

coeff. 

p-value 

(from 

R) 

p-value 

(permutation 

test) 

A. thaliana 0.68 0.033 0.018 0.76 0.027 0.018 

C. elegans 0.52 0.079 0.049 0.58 0.133 0.070 

D. melanogaster 0.74 0.012 0.006 0.88 0.004 0.003 

H. sapiens 0.67 0.024 0.015 0.80 0.018 0.012 

M. musculus 0.82 0.006 0.002 0.89 0.003 0.002 

P. falciparum 0.50 0.127 0.125 0.58 0.134 0.125 

S. cerevisiae 0.40 0.184 0.121 0.41 0.318 0.165 

S. pombe 0.56 0.063 0.041 0.65 0.083 0.042 
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While the majority of the statistical test results were found to be significant at a p 

< 0.05 level, there were a number of test species where this was not the case. In particular, 

P. falciparum and S. cerevisiae did not appear to show preference for training data from 

species that were more closely related evolutionarily. In the case of P. falciparum, this 

effect may be due to the fact that all seven other training species are equally distant from 

it. Training with P. falciparum produced the highest accuracy of all species, but little else 

could be determined beyond that. For the case of predicting S. cerevisiae PPI, this effect 

may be due to the distantly related species, P. falciparum, performing very well. 

The results of the modified Tau-b test, which was created to analyze all results 

together, are shown in Table 15. The p-value found through permutation test for this metric 

was significant at a p < 0.0001 level, giving strong evidence that over all test species, 

evolutionary distance between testing and training species is inversely correlated to 

accuracy of the prediction. However, as shown above, there may be specific testing species 

where this is not the case. 

Table 15: Modified Tau-b test to combine all data sources into one experiment. N = 

10,000 in permutation test to find p-value.  

 Custom Tau-b corr. coeff. Custom Tau-b p-value 

AU-PRC 0.601 9.99e-05 

Prec at 25% TPR 0.601 9.99e-05 

4.4 Discussion 

This chapter introduced a modified PIPE SW-score normalization function, specific 

to cross-species PPI prediction. When using a single training species to predict a test 

species, the modified scoring function produced superior results for most species tested. 

Although there were a few species where it performed slightly worse than the original 

scoring function, the increase in performance on most species was larger than the decrease 
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in performance on other species. A paired t-test was performed with the performance 

metrics for every pair of training and testing species; the t-test showed the new 

normalization factor was superior on both performance metrics, with a p-value < 0.0001. 

The true difference in mean precision is estimated to have improved by 6% and 9% for the 

AU-PRC and precision at 25% TPR metrics performance metrics respectively (10:1 class 

imbalance). As the number of training species increases, the effect of the normalization 

change becomes even more pronounced, as was initially hypothesized. When using seven 

testing species to predict an eighth, the AU-PRC (at 10:1 class imbalance) increased from 

0.218 to 0.315 (i.e. a 45% improvement) with the new normalization method. Similarly, 

the average precision at 25% TPR increased from 0.247 to 0.412 (i.e. a 67% improvement). 

The paired t-test showed the new normalization factor was superior on both performance 

metrics, with a p-value < 0.01. As such, the new normalization factor can be recommended 

over the old factor for every type of cross-species PPI prediction. 

The effect of evolutionary distance between training and testing species was also 

examined with PIPE. It was shown that classification performance was related to 

evolutionary distance between the training and testing species when controlling for training 

set size, with closer species performing better (p < 0.0001 with a modified Kendall’s Tau-

b test).  However, there were certain test species that did not follow this pattern. This may 

indicate that the types of interactions known for each species may make different species 

uniquely suited for predicting other species. This may be due to the fact that known PPI 

for a given species often reflect experimenter’s bias, where different types or families of 

proteins have been investigated to different degrees in different species, depending on the 

interest of the research community. Qualitatively, it appears that very closely related 
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species perform well in cross-species predictions, and that there is a steep drop-off in 

accuracy after this point. However, the size of the training set effect was not examined in 

detail; it may be that evolutionary distant species could still be useful once there is a 

sufficient number of known interactions. 

Because of the change in normalization factor given in Section 4.2.2, it possible to 

generate the scores for protein pairs in a test species using each training species separately 

and individually. The scores from each training species for a specific protein pair can then 

be combined by simple summation. If there are known interactions in the test species, this 

change allows us to easily examine different combinations of training species for each test 

species to see if there is a way to use all data to produce better results. This would have 

been difficult previously, as PIPE would need to be run for every combination of training 

species. Additionally, PIPE was shown to significantly decrease in performance when 

using multiple training species without the normalization factor change. In our preliminary 

experiments, no systematic rule was found regarding what combination of species should 

be used for training in a test species. In some test species, using a combination of species 

performed better than any single species. However in other test species, the best 

performance occurred when using a single, closely related species. In the future, general 

rules should be developed regarding what combinations of test species should be used for 

predicting test species without known interactions on which to test. 

4.5 Conclusion 

In this chapter, the use of PIPE in cross-species prediction was explored and 

improved. A new scoring method was created for PIPE, specifically for to cross-species 

PPI prediction use case. The new scoring method was shown to be superior to the original 
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scoring method, especially as the number of training species increases. It was then shown 

that cross-species PPI prediction performance was related to the evolutionary distance 

between the training and testing species when controlling for training set size. However, 

the size of the training set effect was not examined in detail.  

When developing a PPI predictor for a new test species, it is recommended that 

several subsets of training species be considered. With the new scoring method, rapid 

evaluation of different training species subsets is possible, since each training species may 

be considered in isolation and combined through simple summation after the fact. If there 

are no known interactions in the test species this such optimization is not possible. In this 

case, it is difficult to provide recommendations on which training species to use. It is 

recommended that, if there exist a closely related species with many known interactions, 

then that species should be used alone for training. Otherwise, a combination of several, 

potentially distant training species could be used. As more training data becomes available 

in the future, then using data from multiple species could become even more useful in 

making new predictions. These findings should be re-examined in the future as more 

complete interactomes become available through high-throughput experimental 

techniques. 
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5  Inter-species PPI prediction 

5.1 Introduction 

Inter-species PPI prediction refers to predicting interactions between proteins 

arising from different species. The most common example of inter-species PPI would be 

between a pathogen and its host. Other examples include the allergic response between a 

host and a food (e.g. human allergy to soy proteins) and PPI between symbiotic organisms. 

This chapter will examine the suitability of PIPE to predict inter-species interactions, which 

had not been done previously. To this end, PIPE is applied to the prediction of inter-species 

PPI between the Human Immunodeficiency Virus-1 (HIV-1) and human. These species 

were chosen since they are both relatively well-studied and a number of human – HIV-1 

PPI have been documented and are available to evaluate the inter-species predictions. The 

HIV-1-Human PPI prediction sections of this chapter appeared previously in a conference 

paper, for which I was the primary author [71]. 

Once it is established that PIPE is able to make inter-species predictions, PIPE is 

then applied to make inter-species predictions using intra-species PPI from different 

species – an example of both inter-species and cross-species PPI prediction. This will be 

done for the motivating example of the thesis: predicting novel PPI between the SCN pest 

and soybean, using cross-species training data from A. thaliana and C. elegans. These 

results are of interest to researchers at Agriculture and Agri-Food Canada, who are seeking 

to develop ways to prevent and reduce the effect of the SCN pest on soybean crops. In 

addition, researchers at Agriculture and Agri-Food Canada were also interested in 



 81 

researching the soybean allergy in humans, so a final inter-species PPI prediction was 

completed between soybean and human, using A. thaliana and H. sapiens as training data.  

5.2 Methods 

5.2.1 HIV-1 – Human Prediction 

In order to use the PIPE algorithm to predict interactions between viruses and 

humans, two different data sources are needed: a list of known interactions between virus 

and human proteins for training and validation, and the primary sequence data for each 

protein in the training and prediction data sets. The known interactions were taken from 

the HIV-1 Human Interaction Database [28]. This database consists of high-quality, 

manually-curated interactions between HIV-1 and human proteins. The interactions 

database was filtered to only include the 'binds' interaction type, since the database also 

documents other irrelevant interaction types, such as “genetic” interactions where one 

protein affects the expression levels of another protein. Duplicate interactions were 

removed by comparing the exact sequences downloaded from RefSeq [72]. All human 

sequence identifiers were mapped to UniProt Sequence IDs (Swiss-Prot where possible) 

using sequence identity and UniProt's ID/Mapping tool [68]. To obtain a complete human 

proteome (i.e. all human proteins, not only those appearing in known PPI), the Swiss-Prot 

human proteome was used [68]. The HIV-1 proteome consisted of all 18 HIV-1 proteins; 

sequences were downloaded from RefSeq [72]. The sizes of the various proteomes and 

interactomes are summarized in Table 16 below. 
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Table 16: Data summary of the HIV-1 Interactions Database and Swiss-Prot human. 

Unique HIV-1 – human interactions in HIV-1 Human Interaction Database 7,567 

Number of 'binds' interactions (after cleaning) 611 

Number of virus proteins (all interact) 18 

Number of human proteins involved in interactions 492 

Total number of human proteins 20,231 

Number of HIV-1 – human protein pairs to examine 363,547 

Largest number of known HIV-1 interactions for a single human protein 6 

Largest number of known human interactions for a single virus protein 215 

 

To evaluate the performance of PIPE, leave-one-out cross-validation (LOOCV) 

was performed. In this procedure, the classifier was trained using the filtered interactions 

database minus one interaction; PIPE was then used to generate a score for the interaction. 

This process was repeated for each interaction in the filtered interactions database. PIPE 

was then used to generate interaction scores for a negative data set, which consisted of 

randomly generated human – HIV-1 protein pairs that were not known to interact. This 

approach may produce false negatives, but the number will be low due to the rarity of PPI 

among all possible protein pairs. With the PIPE scores calculated for the negative and 

(leave-one-out) positive data sets, the ROC and P-R curves were generated.  

Since the SW score and the traditional PIPE score (which uses a filter on the 

interaction landscape) have not been compared for inter-species PPI prediction, they will 

both be generated for the LOOCV testing data. Note that the original formulation of the 

SW score (without the changes in Section 4.2.2) was used. This was because HIV-1 has a 

total of 18 proteins; normalizing by how many of the 18 proteins a window was seen in 

would be likely to bias the score unnecessarily. After the ROC curves for both scoring 

methods have been generated with LOOCV, the superior scoring method will be used to 



 83 

compare PIPE to other state-of-the-art HIV-1 – human PPI prediction methods outlined in 

Section 2.3.2. 

5.2.2 SCN – Soybean PPI Prediction 

The case of inter-species PPI prediction between SCN and soybean is an example 

of both inter-species and cross-species PPI prediction. The actual predicted PPI will be 

inter-species PPI. However, since there are no known interactions between SCN and 

soybean, and very few are known intra-species PPI in either SCN – SCN or soybean – 

soybean, we will have to use cross-species prediction by using training data from a similar 

species for both soybean and SCN. Based on the results in Chapter 4 for cross-species 

prediction, we decided to use the known interactions from two model species that are 

closely related evolutionarily to each soybean and SCN. These species are A. thaliana for 

soybean and C. elegans for SCN. Only these two training species were used, as they are 

both well-studied and closely related to the testing species. Other possible training species 

are significantly more distant evolutionarily. For example, H. sapiens would be the next 

most similar species after A. thaliana for soybean prediction (as seen in Figure 25 above). 

Figure 32 shows a high-level overview of the data used to make predictions between 

soybean and SCN.  The known interactions from A. thaliana and C. elegans were pooled 

together, as were the sequences from all four species, and PIPE was run on every pair of 

proteins between the 75,781 soybean proteins and the 21,868 SCN proteins. The sequences 

for soybean and SCN were received directly from researchers at Agriculture and Agri-Food 

Canada. The sequences and interactions from C. elegans and A. thaliana were found via a 

similar process to the one outlined in Section 4.2.1. The only difference was that all 

TrEMBL sequences were used in addition to the Swiss-Prot sequences for C. elegans, since 
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there were fewer Swiss-Prot sequences. The new normalization factor outlined in Section 

4.2.2 was used to calculate the PIPE score. 

 

Figure 32: High level overview of how training data were used to predict inter-species 

PPI between soybean and SCN using the known interactions from two similar model 

species. Each model species chosen was closely related to one of the species of interest. 

5.2.3 Human – Soybean PPI Prediction 

For the prediction of inter-species interactions between human and soybean, a 

similar setup was used, as seen in Figure 33. Since human has many known intra-species 

interactions, the only other model species necessary was A. thaliana. All known 

interactions and sequences from the three species were pooled together, and PIPE was run 

on every pair of proteins between the 75,781 soybean proteins and the 20,236 human 

proteins. The sequences for soybean and SCN were received directly from researchers at 

Agriculture and Agri-Food Canada. The sequences and interactions from H. sapiens and 

A. thaliana were found by the process outlined in Section 4.2.1. 
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Figure 33: High-level overview of the data used to prediction inter-species PPI 

between soybean and human.  

5.3 Results 

5.3.1 HIV-1 – Human PPI Prediction 

In order to analyze the performance of using PIPE to predict novel HIV-1 – human 

PPI, LOOCV was performed. The receiver operating characteristic (ROC) curve, shown in 

Figure 34 below, shows the FPR and TPR of the classifier for different score cut-off 

thresholds. As the SW score is superior to the traditional PIPE score, especially in the 

region of low FPR, it was used for further plots and predictions.  
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Figure 34: Receiver operating characteristic (ROC) curve for HIV-1 – human PPI 

prediction. ROC curve was found through LOOCV using PIPE to predict 

interactions in the HIV-1 human interaction database. 

The ROC curve does not entirely illustrate how the classifier will perform on 

actual data, as it does not account for the class imbalance. Since there are already 611 

known binding interactions out of a possible 363,547 protein pairs (Table 16), the class 

imbalance can be no greater than 600:1. Previous studies have used a class imbalance of 

100:1 [48], [51], [47]. The performance of the algorithm for different class imbalances is 

shown as P-R curves in Figure 35. Higher class imbalance essentially makes the problem 

more difficult, leading to lower achievable precision for the same recall level. Due to the 

class imbalance, the classifier should operate at a high specificity, or the number of false 

positives will overwhelm the number of true positives predicted, decreasing the precision. 
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In our case, we selected a cut-off value corresponding to a specificity of 99.95% and a 

recall of 22.5%, given by the black vertical line in Figure 35. 

 

Figure 35: Precision-recall curve for HIV-1 – human PPI prediction. The precision is 

shown for different class imbalance levels. The selected decision threshold, shown by 

the vertical black line, resulted in a recall of 22.5%. 

The cut-off score for determining whether a protein pair interacts can be set to 

different levels depending on the number of novel interactions desired, the cost to 

experimentally verify an interaction, and the biological relevance of the potential 

interaction. The predicted protein pairs can also be examined in order of PIPE score, which 

is directly correlated to the expected precision for the protein pair. For different recall levels 

(and corresponding PIPE score cut-offs), the number of novel interactions and the number 

that are expected to be valid are shown in Figure 36. A class imbalance ratio of 100:1 
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negative to positive interactions was used alongside the given recall to determine the 

precision, and thereby the number of expected valid interactions. 

 

Figure 36: Plot showing total number of predicted interactions and the number that 

are expected to be true interactions as a function of recall. The difference between the 

two curves represents the number of anticipated false positives. A class imbalance 

ratio of 100:1 was used to determine the precision and thereby the number of expected 

valid interactions. The decision threshold was set at a recall of 22.5%, resulting in 229 

novel predictions, with 188 of them expected to be valid. 

A highly conservative cut-off value was selected, corresponding to a recall of 

22.5% with a specificity of 99.95%. This threshold resulted in 229 novel interactions 

predicted. The precision of these predictions would depend on the class imbalance. At a 

conservative estimate of class imbalance (500:1), the precision is 47.4%. The precision for 

other possible class imbalances are shown in Table 17. 
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Table 17: Precision estimate for the 229 novel PPI predictions at different class 

imbalances at the final decision threshold. 

Class Imbalance 500:1 250:1 100:1 50:1 25:1 

Precision 47.4% 64.4% 82.0% 90.2% 94.9% 

5.3.2 SCN – Soybean and Human – Soybean PPI Prediction 

With the improved algorithm outlined in Chapter 3, and the modified SW Score 

normalization outlined in Chapter 4, all 1,657,178,908 pairs of proteins between SCN and 

soybean were run through PIPE on a local cluster over a period of several days. Similarly, 

all 1,594,212,316 pairs of proteins between human and soybean were run also run over a 

period of several days. The actual runtimes can be seen in Table 4 in Section 3.5. These 

results were sorted by SW score, providing a ranked list of probable interactions to 

examine. They were also indexed by protein, so that researchers could examine the most 

likely interactions involving any protein of interest. These results were provided to 

Agriculture and Agri-Food Canada on an external hard drive. The results files for all scores 

totaled over 500 GB. Since there are no known interactions between SCN and soybean, it 

is difficult to assess the accuracy of the predictions to traditional pattern classification 

schemes. 

5.4 Discussion 

5.4.1 HIV-1 – Human 

The results in Table 17 are strong results for the given class imbalances, and they 

show that PIPE matches or exceeds the performance of previous HIV-1 human PPI 

prediction methods. The Dyer method developed by Dyer et al. represents the state of the 

art for HIV-1-human PPI prediction [51]. Our performance is similar to that of Dyer; 
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however, when operating at very high specificity (required due to the class imbalance of 

100:1 or higher), our method makes more positive predictions and achieves a higher 

precision. Using a class imbalance of 100:1, Dyer et al. predicted 189 novel interactions at 

a precision of 70%, while PIPE predicted 229 novel interactions at a precision of 82%. 

Tastan et al. [48] and Qi et al. [49] achieved a precision of 23% and 27.7% respectively at 

a class imbalance of 100:1. Even at the conservative estimate for class imbalance (500:1), 

PIPE achieves a precision of 47.4%, showing that PIPE matches or exceeds previous work 

for HIV-1 human PPI prediction. Since different PPI prediction methods often use slightly 

different training data and different features, the predicted PPI often do not overlap 

completely. These methods can therefore be seen as complementary rather than 

competitive. This chapter shows that PIPE can be used in addition to other state-of-the-art 

methods to improve the state of HIV-1 – human PPI prediction. A number of other studies 

have been published, but are not compared here due to methodological issues such as the 

use of unrealistic class imbalance, inadequate performance measures, or applicability to 

only a small fraction of protein pairs due to the requirement for known protein structure.  

Due to the high specificity required to maintain a reasonable precision, the recall 

was generally limited to 22.5%; this results in the majority of true interactions being 

missed. However, the high precision would mean that wet-lab validation experiments are 

likely to produce positive results. Due to the high cost of such experiments, this is an 

important consideration.  

One limitation of any machine learning-based method of PPI prediction, including 

PIPE, is that they may miss interactions that do not resemble any previously known 

interactions. This effect could also result in somewhat optimistic LOOCV performance 
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estimates. If there are many interactions between similar proteins in the training data, the 

algorithm would likely continue to predict each of these interactions if only one of them is 

removed during LOOCV. Conversely, randomly generating negative interactions may 

have resulted in the inclusion of false negatives during LOOCV; maintaining a high 

specificity despite these false negatives would potentially require an overly conservative 

decision threshold, thereby limiting the achievable recall. 

5.4.2 Under-studied Viruses 

During the Zika virus outbreak, PIPE was used to predict novel PPI between the 

Zika virus and human. Another sequence-based PPI prediction method for viruses, DeNovo 

[60], previously found that using virus-human interactions between closely related viruses 

resulted in the best accuracy when predicting PPI in under-studied viruses. PIPE was 

applied to Zika-Human, using known PPI data between human and other viruses of the 

family (Flaviviridae). DeNovo was also run to predict Zika – human interactions. A 

biological analysis of the resulting predictions was published in [73]. While I provided 

technical contributions to the published paper by running PIPE and preparing the data, no 

novel experiments were performed directly relating to this thesis topic. 

5.4.3 SCN – Soybean 

Using the best practices discovered in this thesis, we performed a global prediction 

between all SCN and soybean proteins as well as between all soybean and human proteins. 

As stated in Chapter 1, this was the motivating example of the thesis, and it leveraged 

aspects of all the contributions made in this thesis. Unfortunately, it is difficult to assess 

the accuracy of these predictions, as there are no known interactions between either SCN 
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and soybean or human and soybean. In the near future, the top scoring protein pairs will be 

examined from a biological standpoint to determine if the interacting proteins take part in 

biological processes that are expected to be affected by the other species. Preliminary 

feedback from biological researchers at Agriculture and Agri-Food Canada are pleased 

with the PIPE predictions as they have confirmed some initial hypotheses, which they plan 

to publish in the coming year. 

5.5 Conclusion 

This chapter showed that PIPE has the potential to predict inter-species PPI in 

addition to intra-species and cross-species PPI. PIPE was then used to predict all possible 

PPI in three different inter-species examples, including between HIV-1 and human, SCN 

and soybean, and human and soybean. Of these three inter-species examples, only the HIV-

1 – human example had known positive interactions with which to test classification 

accuracy. It was shown that PIPE is comparable to the state of the art in HIV-1 – human 

PPI prediction, able to make predictions at a recall of 22.5% and specificity of 99.95%. In 

total, 229 high-confidence novel interactions were predicted. Depending on the estimated 

class imbalance, the precision for these predictions ranges from 47.4% to 90.1% 

(corresponding to class imbalances of 500:1 to 50:1). The PPI prediction results will be 

provided to HIV-1 researchers, with the hope that predicted novel interactions could lead 

to an improved understanding of the HIV-1 virus and potentially new treatment targets. 

The other two inter-species PPI predictions were done at the behest of Agriculture 

and Agri-Food Canada, and they serve as the motivating examples behind all other work 

done in this thesis. Preliminary feedback from these collaborators, based on unpublished 
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data, has been positive. Large-scale validation of predicted PPI is planned in the near 

future. 
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6 Thesis Summary and Future Recommendations 

6.1 Conclusions 

Over the course of this work, a leading sequence-based PPI predictor, PIPE, was 

made more suitable for a new type of PPI prediction that is important to researchers at 

Agriculture and Agri-Food Canada. The new type of PPI prediction was a combination of 

inter-species and cross-species prediction, where PPI were predicted between two under-

studied species with very few known interactions. The motivating example for this topic 

was the case of the Soybean Cyst Nematode (SCN), an extremely costly pest that causes 

billions of dollars of lost soybean crops every year. Discovering new PPI between SCN 

and soybean has the potential to help develop new resistant strains of soybean and other 

ways of reducing the damage of the SCN pest.  

In tackling this problem, several contributions were made towards PIPE, especially 

as it relates to making new predictions in and between under-studied species. The first 

contribution was made through analyzing the algorithms behind PIPE: by using a larger 

and different type of database format, PIPE was made significantly faster. This allowed us 

to predict the 1.6 billion possible interactions between soybean and SCN on a local cluster 

in under two days, something which would have previously taken over forty days. PIPE 

was then made more accurate for cross-species PPI prediction involving multiple species 

by a modification to the scoring algorithm. The best datasets to use for cross-species 

prediction were then examined; it was found that using training species evolutionarily 

similar to the testing species would have the highest performance. PIPE was then shown to 

be capable of predicting inter-species interactions, such as between a pathogen and host. 
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PIPE was comparable to the state of the art for predicting interactions between HIV-1 and 

human.  

Leveraging all of the contributions previously mentioned, the problem of predicting 

PPI between SCN and soybean was tackled. Using the improved algorithm speed, modified 

scoring function, and recommendations for best data sets, all possible pairs of SCN and 

soybean proteins were examined to predict novel interactions. These results were provided 

to researchers at Agriculture and Agri-Food Canada. While the exact performance metrics 

of this new prediction cannot yet be known, the researchers were pleased with the results 

as it helped confirm some preliminary hypotheses which they are unable to share at this 

time. Additionally, prediction of all human-soybean PPI was completed using the improved 

and accelerated version of PIPE. Agriculture and Agri-Food Canada researchers are 

looking into finding out the cause of the soybean allergy experienced by many people in 

order to develop non-allergenic soybean strains.  

6.2 Summary of Contributions 

In Chapter 3, the PIPE algorithm was made significantly faster by using a modified 

data structure and algorithm. For intra-species PPI prediction, PIPE was made 53x, 13x, 

and 8x faster for H. sapiens, A. thaliana, and S. cerevisiae respectively. Overall, the longer 

the PIPE algorithm would previously take per protein pair, the larger the speed 

improvement with the modified algorithm. The modified algorithm allowed the motivating 

example of an all-to-all SCN-soybean prediction to be completed on a local cluster of 18 

nodes in 2 days instead of the 43 days it would have taken previously. With the time saved, 

the cluster was used to make an all-to-all prediction between human and soybean in 3 days 

instead of the 72 days it would previously have taken. The increased speed will make it 
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easier to apply PIPE to a variety of applications in the future. It will also aid InSiPS, which 

is a genetic algorithm that uses repeated PIPE runs to design new proteins that interact with 

specific proteins of interest [74]. There are certain downsides to the modified version of 

PIPE, including needing to re-run the pre-processing step if the known interactions list 

changes, the complication of LOOCV testing, and the increase in database file size. 

However, none of these drawbacks significantly impact the most common use-case of 

PIPE: large all-to-all predictions that previously took several weeks on a medium sized 

computer cluster. 

In Chapter 4, the use of PIPE for cross-species prediction was examined in detail. 

It was shown that classification performance was related to evolutionary distance between 

the training and testing species when controlling for training set size, with closer species 

performing better (p < 0.0001 with a modified Kendall’s Tau-b test).  However, there were 

certain test species that did not follow this pattern. This may indicate that the types of 

interactions known for each species may make different species uniquely suited for 

predicting other species. Also, the size of the training set effect was not examined in detail; 

it may be that species that are more evolutionary distant could still be useful once there is 

a sufficient volume of known interactions. Chapter 4 also introduced a modified scoring 

function specific to cross-species PPI prediction. The new scoring method performs better 

for cross-species prediction, especially as the number of species involved increases. When 

using seven testing species to predict an eighth, the average area under the precision-recall 

curve (at 10:1 class imbalance) increased from 0.218 to 0.315 (a 45% increase). Similarly, 

the average precision at 25% sensitivity increases from 0.247 to 0.412 (a 67% increase). 

Even when using a single training species, the modified scoring function generally makes 
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a positive impact (however there were cases where it performed very slightly worse). An 

additional benefit of the modified scoring function is that training species can be used to 

predict PPI in test species individually, and then combined after the fact. If there are known 

interactions in the test species, it would be possible to test what combinations of training 

species produce the best results. This method has the potential to increase same-species 

PPI prediction as well if interactions from multiple species are used in addition to the 

species of interest.  

In Chapter 5, we showed that PIPE is comparable to the state-of-the-art method for 

predicting interactions between Human Immunodeficiency Virus-1 (HIV-1) proteins and 

H. sapiens proteins, an example of inter-species PPI prediction. An all-to-all between HIV-

1 proteins and H. sapiens proteins was performed, and the results were provided to HIV-1 

researchers. Chapter 5 also outlines the prediction of SCN – soybean interactions. Using 

the best practices developed in the thesis, all possible SCN – soybean PPI were predicted 

using the accelerated PIPE implementation, the modified scoring algorithm, and training 

data from two model species evolutionarily close to SCN and soybean (C. elegans and A. 

thaliana respectively). Afterwards, a prediction between all soybean and human proteins 

was completed as well. All results were provided to our collaborators at Agriculture and 

Agri-Food Canada. While our collaborators are pleased with the results, no performance 

metrics are available for these results since ground truth PPI data is not yet available.  
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6.3 Recommendations for Future Work 

6.3.1 Computational Improvement 

During my thesis research, the SPRINT algorithm was developed [38]. Analysis of 

their implementation has suggested a further improvement to PIPE. Instead of creating a 

Type 2 DB file as outlined in Figure 20 in Section 3.3, PIPE could be run with only the 

Type 1 DB file. This can be accomplished by modifying the new PIPE algorithm (outlined 

in Figure 22) to loop through known interacting pairs directly instead of individual 

proteins. The Type 1 DB file could then be used for each similar window to increment the 

interaction landscape. While the Big O runtime would be the same, this modification would 

have several benefits, including enabling LOOCV, preventing the need for re-running the 

pre-processing step if the known interactions list changes, and reducing the amount of 

space required to store the database files. Another PIPE change that could be made would 

be to stop storing the complete interaction landscape, and just store the score when 

calculating it with PIPE. This would significantly reduce the memory required by PIPE, 

allowing more threads to be run at once and further increasing speed. While the change 

would not affect the relative speed of the algorithm changes made in this thesis, it could be 

used to increase the speed of both algorithms by increasing the number of threads available 

to run PIPE. Additionally, the memory usage saved could be used to store the similar 

proteins database files in memory instead of on a solid-state drive, which could potentially 

speed PIPE up even further (this effect would be even more impactful if PIPE was run on 

computing clusters with regular hard disk drives, which have significantly slower read 

times than solid-state drives). 
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It was shown that the new implementation of PIPE was significantly faster than the 

original implementation of PIPE. However, the exact speed increase is not known for each 

use-case (rather an approximate speedup value is given in this thesis). The exact speed 

increase should be further verified by repeating the timing experiments multiple times, for 

different species, and on different computing clusters.  

The increasing speed of PPI prediction methods could have broader implications 

for the field at large. First, it will become easier to test different scoring systems, such as 

the normalization change examined in Chapter 4. Previously, the computational cost of 

examining many different scoring methods and parameters made it difficult to rigorously 

optimize these scoring functions. Second, the increased speed will make it possible to 

regularly re-run and update whole-interactome predictions as more interactions become 

known. The new predictions could be used to guide biological experiments, and the results 

could then be supplied back into the PPI predictor to produce even better predictions. Third, 

online databases that collect PPI predictions for summarization and biological analysis 

could be extended to include high-confidence predicted interactions for multiple species, 

so that biologists can easily examine predicted interactomes for any species of interest.  

6.3.2 Cross- and Inter- Species PPI Prediction 

With the inter-species and cross-species PPI prediction setup improvements in this 

chapter, SCN-soybean and human-soybean PPI were able to be predicted. It is hoped that 

the findings of this thesis may be applied in the future to other cross- and inter-species PPI 

predictions, of interest to Agriculture and Agri-Food Canada as well as general public 

health researchers. Future cross-species PPI predictions could be useful to researchers 

seeking to understand and modify other crops including soybean, rice, and corn. Inter-
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species prediction could be applied to other pathogens affecting humans, including 

Hepatitis C, malaria, and tuberculosis. PIPE could be also applied to other pests affecting 

crops and even livestock.  

The predicted interactions between HIV-1 and human should be examined by HIV 

researchers in the future. Interactions that involve important biological processes in HIV-

1 infection may be further examined and verified experimentally. The PIPE algorithm 

requires only sequence data, but it still matches the performance of algorithms that use a 

variety of other data sources, such as structure, expression levels, or gene ontology process. 

Combining PIPE score with these other data sources has the potential to significantly 

improve the state of the art for predicting HIV-1 human PPI. 

This thesis showed that PIPE was suitable for cross-species and inter-species 

predictions. However, no experiments were completed that involved using intra-species 

interactions (e.g. known human-human PPI) to predict inter-species interactions (e.g. HIV-

1 – human PPI) when there were known inter-species PPI to test performance. It would be 

useful to show the accuracy of using intra-species PPI instead of inter-species PPI to predict 

inter-species PPI. The results of this experiment could potentially be used to improve 

general inter-species PPI prediction if using known intra-species PPI in addition to known 

inter-species PPI produced superior results to either one on its own. Using intra-species 

PPI to predict inter-species PPI could also make it possible to more accurately predict PPI 

between human and other under-studied viruses by using known human-human 

interactions. HIV-1 is a special case of inter-species PPI prediction in that there are 

significantly more known HIV-1 – human inter-species PPI than for any other virus or 

pathogen. Being able to predict novel PPI in under-studied viruses could be of significant 
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public benefit when there are new virus outbreaks, such as the recent Zika virus crisis. 

Another virus-host PPI prediction method made to predict PPI in under-studied viruses, 

Denovo [60], showed that the highest accuracy occurred when using inter-species 

interactions from similar viruses. PIPE was applied to Zika-human in [75], using PPI data 

between human and other viruses of the family (Flaviviridae) partly due to this finding. It 

would be useful to show that this finding does hold for PIPE and other host-pathogen PPI 

prediction methods.  

For the case of cross-species PPI prediction, combining training data from multiple 

species should be examined further with PIPE. This research made changes that improved 

the accuracy of PIPE when using multiple training species. However, this research did not 

rigorously examine when different training species should be included in the training data 

at all; nor did it rigorously examine way of combining different species training data, for 

example by weighting the PIPE score of species differently based on evolutionary distance 

or number or quality of known interactions. Additionally, the different training species 

could be combined in a voting scheme, where multiple PIPE predictors, each trained on a 

different training species, are applied to the query protein pair. This research also showed 

that while closer species generally performed more accurately, this was not always the 

case. Part of the reason for this may be impacted by the reason that certain species are 

studied in the first place. For example, yeast species are often used as a way of studying 

DNA repair mechanisms, so many known PPI are related to these processes. As such, 

training with yeast-yeast interactions may perform more accurately on PPI in species with 

many known DNA-related PPI, even more so than closely related species. This could 

potentially be used to create training data sets that perform better for specific biological 
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processes, perhaps by combining PPI related to specific biological processes from a variety 

of different species. 

The results of making predictions between SCN and soybean proteins were not 

analyzed for accuracy as there were no known interactions from which to test. However, 

these results could be analyzed by comparing to other PPI prediction methods, or by 

examining the biological pathways of the proteins in the top scoring pairs to see if proteins 

relating to the expected mechanisms of infection are predicted. The cross-species findings 

in this work could also be applied to other sequence-based methods to see if they hold. 

Meta methods created from multiple sequence-based prediction methods using many 

different species data could surpass any single algorithm for PPI prediction. Lastly, this 

research lays some ground work for transferring PPI prediction between different species. 

As more research is done and more PPI become known in a variety of different species, 

the potential of transferring the known PPI amongst the different species increases even 

further. The findings in this work could be re-examined once more interactions are known. 

6.3.3 General PIPE Score Improvement 

The normalization factor changes in Section 4.2.2 made a significant difference in 

the performance of cross-species PPI prediction, especially when there were many species 

used for the training data. The general effect of the normalization change was to reduce the 

size of the normalization factor (see Figure 24). This may indicate that the SW score could 

be improved in general by providing an upper limit on the normalization factor.  The SW 

score for a pair of windows can never be larger than 1, even if there are many known PPI 

that support the interaction, which may cause reduced accuracy for general PPI prediction. 

This idea as well as the other ideas mentioned here should be explored in the future in order 
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to continue to improve PIPE and keep it at the leading edge of sequence-based PPI 

prediction 
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Appendix A: Cross-species experiments 

Appendix A includes plots and tables that were too numerous to include in Chapter 4: 

Cross-species PPI prediction. Here, we present all cross-species PPI prediction curves for 

the normalization factor change, and the scoring metrics for each training species test 

species pair. We then include the P-R curves for each test species in the evolutionary 

distance association relation to accuracy section, as well as the performance ranks for each 

scoring metrics. 

A.1 Cross species score normalization changes 
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Figure 37: ROC curve for predicting A. thaliana from every other training species. 

Subplot title gives the training species. 
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Figure 38: ROC curve for predicting C. elegans from every other training species. 

Subplot title gives the training species. 
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Figure 39: ROC curve for predicting D. melanogaster from every other training 

species. Subplot title gives the training species. 
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Figure 40: ROC curve for predicting H. sapiens from every other training species. 

Subplot title gives the training species. 
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Figure 41: ROC curve for predicting M. musculus from every other training species. 

Subplot title gives the training species. 
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Figure 42: ROC curve for predicting P. falciparum from every other training species. 

Subplot title gives the training species. 
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Figure 43: ROC curve for predicting S. cerevisiae from every other training species. 

Subplot title gives the training species. 
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Figure 44: ROC curve for predicting S. pombe from every other training species. 

Subplot title gives the training species. 
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Figure 45: P-R curve for predicting A. thaliana from every other training species (at 

10:1 CI). Subplot title gives the training species. 
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Figure 46: P-R curve for predicting C. elegans from every other training species (at 

10:1 CI). Subplot title gives the training species. 
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Figure 47: P-R curve for predicting D. melanogaster from every other training species 

(at 10:1 CI). Subplot title gives the training species. 
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Figure 48: P-R curve for predicting H. sapiens from every other training species (at 

10:1 CI). Subplot title gives the training species. 
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Figure 49: P-R curve for predicting M. musculus from every other training species (at 

10:1 CI). Subplot title gives the training species. 
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Figure 50: P-R curve for predicting P. falciparum from every other training species 

(at 10:1 CI). Subplot title gives the training species. 
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Figure 51: P-R curve for predicting S. cerevisiae from every other training species (at 

10:1 CI). Subplot title gives the training species. 
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Figure 52: P-R curve for predicting S. pombe from every other training species (at 

10:1 CI). Subplot title gives the training species. 

Table 18: Single-species cross-species prediction results for two performance metrics 

(evaluated at 10:1 CI) for every pair of training and testing species. 

Testing species Training species AU-PRC Prec at 25% TPR 

New Old New Old 

A. thaliana C. elegans 0.141 0.135 0.142 0.135 

A. thaliana D. melanogaster 0.165 0.155 0.157 0.150 

A. thaliana H. sapiens 0.196 0.180 0.205 0.160 

A. thaliana M. musculus 0.144 0.139 0.147 0.138 

A. thaliana P. falciparum 0.113 0.103 0.118 0.101 

A. thaliana S. cerevisiae 0.197 0.168 0.199 0.157 
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A. thaliana S. pombe 0.189 0.158 0.182 0.151 

C. elegans A. thaliana 0.162 0.161 0.156 0.151 

C. elegans D. melanogaster 0.223 0.237 0.243 0.265 

C. elegans H. sapiens 0.270 0.283 0.307 0.335 

C. elegans M. musculus 0.183 0.188 0.204 0.217 

C. elegans P. falciparum 0.118 0.113 0.128 0.111 

C. elegans S. cerevisiae 0.196 0.192 0.218 0.212 

C. elegans S. pombe 0.175 0.174 0.185 0.175 

D. melanogaster A. thaliana 0.139 0.118 0.140 0.106 

D. melanogaster C. elegans 0.159 0.148 0.174 0.156 

D. melanogaster H. sapiens 0.206 0.197 0.213 0.196 

D. melanogaster M. musculus 0.155 0.148 0.164 0.148 

D. melanogaster P. falciparum 0.124 0.109 0.135 0.112 

D. melanogaster S. cerevisiae 0.165 0.138 0.177 0.141 

D. melanogaster S. pombe 0.151 0.131 0.160 0.129 

H. sapiens A. thaliana 0.180 0.177 0.166 0.151 

H. sapiens C. elegans 0.225 0.212 0.266 0.237 

H. sapiens D. melanogaster 0.273 0.266 0.326 0.316 

H. sapiens M. musculus 0.324 0.311 0.438 0.419 

H. sapiens P. falciparum 0.169 0.140 0.193 0.149 

H. sapiens S. cerevisiae 0.277 0.242 0.345 0.265 

H. sapiens S. pombe 0.223 0.200 0.251 0.191 

M. musculus A. thaliana 0.217 0.179 0.227 0.154 

M. musculus C. elegans 0.291 0.249 0.353 0.310 

M. musculus D. melanogaster 0.395 0.365 0.520 0.490 

M. musculus H. sapiens 0.720 0.705 0.978 0.978 

M. musculus P. falciparum 0.181 0.134 0.196 0.126 

M. musculus S. cerevisiae 0.313 0.250 0.382 0.268 

M. musculus S. pombe 0.244 0.182 0.296 0.171 

P. falciparum A. thaliana 0.127 0.104 0.136 0.104 

P. falciparum C. elegans 0.126 0.113 0.132 0.114 

P. falciparum D. melanogaster 0.117 0.106 0.113 0.106 

P. falciparum H. sapiens 0.133 0.110 0.134 0.108 

P. falciparum M. musculus 0.128 0.116 0.129 0.120 

P. falciparum S. cerevisiae 0.132 0.111 0.143 0.114 

P. falciparum S. pombe 0.126 0.113 0.125 0.111 

S. cerevisiae A. thaliana 0.170 0.180 0.168 0.172 

S. cerevisiae C. elegans 0.184 0.198 0.201 0.226 

S. cerevisiae D. melanogaster 0.188 0.209 0.216 0.243 

S. cerevisiae H. sapiens 0.278 0.293 0.329 0.353 

S. cerevisiae M. musculus 0.160 0.168 0.166 0.176 
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S. cerevisiae P. falciparum 0.163 0.158 0.195 0.185 

S. cerevisiae S. pombe 0.255 0.260 0.302 0.306 

S. pombe A. thaliana 0.223 0.231 0.217 0.224 

S. pombe C. elegans 0.205 0.212 0.220 0.229 

S. pombe D. melanogaster 0.228 0.246 0.258 0.285 

S. pombe H. sapiens 0.347 0.358 0.443 0.474 

S. pombe M. musculus 0.181 0.187 0.194 0.196 

S. pombe P. falciparum 0.140 0.127 0.147 0.130 

S. pombe S. cerevisiae 0.385 0.378 0.537 0.508 

 

A.2 Cross-species tests for evolutionary accuracy 

 

Figure 53: P-R curve of predicting A. thaliana interactions from random sample of 

2000 interactions from each training species at 10:1 CI (repeated 20 times, curves 

averaged).  
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Figure 54: P-R curve of predicting C. elegans interactions from random sample of 

2000 interactions from each training species at 10:1 CI (repeated 20 times, curves 

averaged). 
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Figure 55: P-R curve of predicting D. melanogaster interactions from random sample 

of 2000 interactions from each training species at 10:1 CI (repeated 20 times, curves 

averaged). 
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Figure 56: P-R curve of predicting H. sapiens interactions from random sample of 

2000 interactions from each training species at 10:1 CI (repeated 20 times, curves 

averaged). 
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Figure 57: P-R curve of predicting M. musculus interactions from random sample of 

2000 interactions from each training species at 10:1 CI (repeated 20 times, curves 

averaged). 
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Figure 58: P-R curve of predicting S. cerevisiae interactions from random sample of 

2000 interactions from each training species at 10:1 CI (repeated 20 times, curves 

averaged). 
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Figure 59: P-R curve of predicting S. pombe interactions from random sample of 2000 

interactions from each training species at 10:1 CI (repeated 20 times, curves 

averaged). 
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Figure 60: P-R curve of predicting P. falciparum interactions from random sample 

of 2000 interactions from each training species at 10:1 CI (repeated 20 times, curves 

averaged). 
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Table 19: Full rankings for each performance metric of cross-species experiments 

(controlling for training set size). 
 

Expected Ranking Evolutionary 

Ordering for 

correlation 

AU-PRC 

ranks 

Precision at 

25% TPR 

ranks 

A. thaliana 1: A. thaliana     1 1 1 

2: S. pombe        2 2 2 

2: H. sapiens      3 2 2 

2: M. musculus     4 2 2 

2: S. cerevisiae   5 2 2 

2: D. melanogaster 6 2 2 

2: C. elegans      7 2 2 

3: P. falciparum 8 3 3 

C. elegans 1: C. elegans      1 1 1 

2: D. melanogaster 2 3 3 

3: M. musculus     3 3 3 

3: H. sapiens      4 4 4 

4: S. pombe        5 6 4 

4: S. cerevisiae   6 4 6 

5: A. thaliana 7 2 2 

6: P. falciparum   8 5 5 

D. melanogaster 1: D. melanogaster 1 1 1 

2: C. elegans  2 3 3 

3: M. musculus     3 2 2 

3: H. sapiens      4 3 4 

4: S. pombe        5 4 3 

4: S. cerevisiae   6 4 4 

5: A. thaliana 7 6 6 

6: P. falciparum   8 5 5 

H. Sapiens 1: H. sapiens 1 1 1 

2: M. musculus  2 2 2 

3: C. elegans 3 4 4 

3: D. melanogaster 4 4 4 

4: S. pombe 5 3 3 

4: S. cerevisiae  6 3 3 

5: A. thaliana 7 5 5 

6: P. falciparum 8 6 6 

M. musculus 1: M. musculus  1 1 1 

2: H. sapiens 2 2 2 
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3: C. elegans 3 3 3 

3: D. melanogaster 4 4 4 

4: S. pombe 5 4 4 

4: S. cerevisiae  6 3 3 

5: A. thaliana 7 5 5 

6: P. falciparum 8 6 6 

S. cerevisiae 1: S. cerevisiae   1 1 1 

2: S. pombe 2 5 5 

3: H. sapiens      3 2 2 

3: M. musculus 4 3 3 

3: C. elegans 5 3 3 

3: D. melanogaster 6 3 3 

4: A. thaliana 7 4 3 

5: P. falciparum 8 3 4 

S. pombe 1: S. pombe 1 1 1 

2: S. cerevisiae 2 2 2 

3: H. sapiens      3 3 3 

3: M. musculus 4 5 5 

3: C. elegans 5 3 3 

3: D. melanogaster 6 3 3 

4: A. thaliana 7 4 3 

5: P. falciparum 8 3 4 

P. falciparum 1: P. falciparum 1 1 1 

2: A. thaliana     2 2 2 

2: S. pombe        3 2 2 

2: H. sapiens      4 2 2 

2: M. musculus     5 2 2 

2: S. cerevisiae   6 2 2 

2: D. melanogaster 7 2 2 

2: C. elegans      8 2 2 

 

 

 


