A New Framework for Bridging the Gap from Protein-
Protein Interactions to Biological Process Interactions

Christos Dimitrakopoulosl, Andreas Dimitris Vlantisl, Konstantinos Theoﬁlatosl,
Spiros Likothanassis', and Seferina Mavroudi'*

! Department of Computer Engineering and Informatics, University of Patras, Greece
2 Department of Social Work, School of Sciences of Health and Care,
Technological Educational Institute of Western Greece, Greece
{dimitrakop,vlantis, theofilk, likothan,mavroudi}@ceid.upatras.gr

Abstract. Proteins and their interactions have been proven to play a central role
in many cellular processes and have been extensively studied so far. However
of great importance, little work has been conducted for the identification of bio-
logical process interactions in the higher cellular level which could provide
knowledge about the high level cellular functionalities and maybe enable re-
searchers to explain mechanisms that lead to diseases. Existing computational
approaches for predicting Biological Process interactions used PPI graphs of
low quality and coverage but failed to utilize weighted PPI graphs to quantify
the quality of the interactions. In the present paper, we propose a unified two-
step framework to reach the goal of predicting biological process interactions.
After conducting a comparative study we selected as a first step the
EVOKALMA model as a very promising algorithm for robust PPI prediction
and scoring. Then, in order to be able to handle weights, we combined it with a
novel variation of an existing algorithm for predicting biological processes inte-
ractions. The overall methodology was applied for predicting biological
processes interactions for Saccharomyces Cerevisiae and Homo Sapiens organ-
isms, uncovering thousands of interactions for both organisms. Most of the
linked processes come in agreement with the existing knowledge but many of
them should be further studied.

Keywords: Protein-Protein Interactions, protein-protein interaction networks,
Biological Process Interactions, EvoKalma Model, protein function, statistical
enrichment.

1 Introduction

Among the numerous participants in molecular interactions, proteins are considered
most important ones. In specific, proteins transmit regulatory signals throughout the
cell, catalyze a huge number of chemical reactions, and are critical for the stability of
numerous cellular structures. The total number of possible interactions within the cell
is extremely large and the full identification of all true PPIs is a very challenging task.
However, the identification of all true PPIs may contribute in understanding cellular
functionality, designing more efficient medicines and uncovering the mechanisms that
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lead to diseases. For these reasons, this problem has been extensively studied in the
last decades and many experimental and computational techniques have been
combined to solve it [1].

A Biological Process Network is a model designed to offer an insight at the inte-
ractions occurring among biological processes. The traditional approach for studying
complex biological networks is based on the identification of interactions between
genes and proteins. As a result, little is known about interactions of the higher order
biological systems, such as biological processes. The knowledge derived by process
interactions can be effectively used in protein function prediction, increasing both
coverage and accuracy of predictions. Moreover, uncovering the interactions of bio-
logical processes can be a step towards understanding the cellular functions in a high
level.

Existing methods for predicting interactions between biological processes take as
inputs the PPI networks and functional annotations. In [2], processes are considered
as interacting when more proteins annotated by them interact than expected by
chance. Other methods also require gene expression information [3] to examine how
interactions may change in different experimental conditions. In addition, this method
incorporates weights at the protein interactions. In [4], the aim is to include as few
inter-process links that successfully present as many gene interactions, to reduce
complexity and allow further exploration in a greater detail. Despite the promising
results of these approaches, their basic limitation is the utilization of PPI graphs of
low quality and coverage as inputs. Moreover, most of them do not utilize confidence
scores - weights for each PPI and others use confidence scores which only refer to the
reference rate in the bibliography of a certain interaction.

In the present paper, we propose a computational framework for the prediction of
PPIs, the prediction of a confidence score for each interaction which will reflect func-
tion, structural and sequential information and the prediction of interactions between
biological processes. For the prediction and scoring of PPIs the method EVOKALMA
was utilized [5]. The selection was only performed after the conduction of extended
experiments in order to ensure the superior performance of the EVOKALMA model
when compared with existing state of the art classification techniques. The experi-
mental results confirmed that EVOKALMA method outperformed the other
methodologies in all the examined metrics. For the prediction of biological process
interactions we enhanced the methodology proposed in [2] in order to be able to han-
dle weighted PPIs. In this way, the method accounted for the high false positive and
false negative rates encountered in PPI datasets ensuring that only high-confidence
interactions contribute significantly to the method's output while low-confidence
interactions have only a low effect.

The proposed algorithmic framework was applied for Saccharomyces Cerevisiae
and Homo Sapiens organisms and useful conclusions were made about the interac-
tions of biological processes in these organisms.

The rest of the paper is organized as follows: In section 2 the datasets and the pro-
posed algorithmic framework are described in detail. In section 3 the experimental
results are presented and analyzed while in section 3 conclusions and proposals for
future work are presented.



198 C. Dimitrakopoulos et al.

2 Datasets and Methods

2.1 Datasets

For the training and testing process of the methods for predicting PPIs 1000 positive
interactions referred in HPRD [6] and 1000 negative protein interactions were
selected. HPRD database is assumed to be highly reliable as it contains protein inte-
ractions that are supported by low and high throughput experimental evidence. The
negative samples were created randomly from the unique identities of the whole set of
proteins leaving out protein pairs which have been reported in iRefindex [7] as pro-
tein-protein interactions. For every protein pair in the deployed dataset 22 informative
features were calculated including several co-expression features, function similarity
features, sequence similarity, a homology based feature, domain-domain interaction
feature and co-localization features. More details about the utilized features is availa-
ble at [5]. All feature values are normalized in the range [0, 1] and missing are esti-
mated using the kKNN-impute methodology [8]. The trained EVOKALMA model (see
section 2.2.1) was applied on an extended set of over 600000 protein pairs to predict
most human PPIs and predicted 211367 PPIs. Moreover for every interaction a confi-
dence score has been calculated. This confidence score indicates the strength of the
interaction, its frequency and possibility to exist. These interactions alongside their
weights (confidence scores) are stored in the HINT-KB.

The input graph datasets for predicting interactions among biological processes
were: a) the protein interaction network for Saccharomyces Cerevisiae, obtained from
Uniprot Database [9] (22969 interactions), b) the protein interaction network for Ho-
mo Sapiens, created from the interactions reported from iRefIndex database (115404
interactions) and, c) the weighted protein interaction network for H. Sapiens obtained
from HINT-KB database (211367 interactions).

The input genetic interaction networks for S. Cerevisiae and H. Sapiens were
created from BioGRID 3.2.98 database [10] and comprised 1606 genetic interactions
for H. Sapiens and 145265 genetic interactions for S. Cerevisiae.

2.2  Methods

The overall methodology is consisted of a two step procedure. First, for each specific
organism PPIs are predicted with computational prediction methods or retrieved
through public available databases. Then, functional, structural and sequential infor-
mation about the proteins are combined to predict a confidence score for these
interactions. Finally, the constructed weighted PPI graphs are used as input for the
biological process network prediction method to predict interactions between biologi-
cal processes. All these methodologies are described in sections 2.2.1 -2.2.2.

2.2.1 EVOKALMA Model

The main idea of the proposed classification methodology, called (Evolutionary
Kalman Mathematical Modelling - EvoKalMaModel) is to find a simple mathematical
equation that governs the best classifier and enables the extraction of biological
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knowledge. This method was based on previous methodologies proposed by our au-
thoring group [11, 12] and it was initially published in [5]. It combines a state-of-the-
art adaptive filtering technique named Kalman Filtering [13] with an adaptive genetic
algorithm. The adaptive genetic algorithm is used to detect the optimal subset of
terms in order to build the mathematical model for our predictor and then Extended
Kalman Filters to compute its optimal parameters. The final model is in the form of a
mathematical equation including a subset of the available mathematical terms and
inputs. The evolutionary process is guided with a problem specific fitness function
and utilizes an adaptive mutation rate to improve its convergence behavior.

2.2.2  Proposed Biological Process Network Method

Protein-protein interaction (PPI) networks are defined as graphs whose nodes
represent proteins and the edges interactions between nodes/proteins. The weights of
the edges (if they exist) represent the confidence scores of these interactions. Genetic
interaction (GI) network is a graph whose nodes represent genes and the edges
represent interactions between nodes/genes.

The definition of linked biological processes is based on an input undirected graph
whose nodes represent proteins and edges represent an interaction. Two types of net-
works were used: physical level PPI networks and functional level GI networks. Only
proteins annotated by at least one function (Gene Ontology function [14]) were consi-
dered. A link between process i and process j suggests that the proteins annotated by i
tend to interact with proteins annotated by j more than expected by chance. The statis-
tical enrichment of process j is calculated based on the set of proteins connected with
proteins annotated by i, except those annotated by both i and j.

The formal definition is as follows:

Suppose N; be the set of nodes annotated with process i (and possibly with other
processes as well) and NB; be the set of nodes not annotated with process i and con-
nected with at least one node annotated with process i then:

NBi = {v:i<u,v >€ E,v € Ni,u € Ni} (D)

Based on the above definitions, a process i is connected with a process j, if j is sta-
tistically enriched in NB; set, when P(i,j) < threshold where:
. . .o (INj1)( N=INj|
P = g (3 isnics) () ('&“,B;"") @
|NBi|

For the aforementioned threshold a very strict value (0.001) was assigned (as
proposed in [2]) in order to filter false positive results. N is defined as the sum of all
proteins annotated with processes i and j, so P is the probability a link to connect a
protein annotated with process i and a protein annotated with process j, among all
possible links between proteins annotated with i or j.

The methodology so far, is similar to the methodology initially proposed in by [2].
The drawback of this approach is the assumption that interactions have a dual nature.
However, recent approaches for constructing PPI graphs achieved to predict a confi-
dence score for each interaction. Thus, in our approach for the quantity INB;| in equa-
tion 2, we utilized the sum of the weights (confidence scores) that connects the nodes
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not annotated with process i and the nodes annotated with processes i. Thus, connec-
tions of low confidence score will not be significant for the algorithm’s output, while
connections of high confidence score would be extremely significant.

To calculate semantic similarity of two biological processes the following formula
was used:

2+10gP (tancestor) 3)

51m11ar1ty(ti, t]-) = TogP(t) +logP )

where P(t;) is the probability of a gene to be annotated with t;, that is the number of
genes annotated with t; divided by the total number of genes and tyycesor 1S the most
specific common ancestor of t; and t; in Gene Ontology.

The pseudocode of the method is provided in Table 1:

Table 1. Pseudocode of BPN methodology

FOR processes 1, j
Find proteins annotated by these processes
Exclude common proteins
Find interactions among the remaining proteins
Calculate P(i,j)
IFP(1,j)<0.001 create link between i and j
REPEAT FOR EVERY i, j

3 Results and Discussion

For the problem of predicting and scoring PPIs many methods were applied and
comparative results are provided in Table 2. The methodologies used for comparative
reasons with the proposed EVOKALMA model, include the Naive Bayesian
Classifier which is the algorithm utilized by most PPI databases that include
computationally predicted PPIs [15, 16]. Moreover, two methodologies which have
already provided encouraging results in predicting PPIs were used (Random Forests
[17] and jGEPModel2.0 [18]) alongside with the hybrid combinations of Genetic
Algorithms [19], Particle Swarm Optimization [20] and Differential Evolution [21]
with Support Vector Machines (SVM) which have several applications in many
fields.

Classifiers’ performance is theoretically supposed to be more confident when
more testing datasets are pooled. Therefore, our experimental setup was extended
from one testing dataset to multiple testing datasets and performed double loop cross
validation [22]. During the training 10-fold external and 9-fold internal cross valida-
tion were used. In particular, the external folds alter the subset of data used for testing
the trained models (10 non-overlapping different subsets) after internal algorithms
iterations (either heuristic iterations either parameter optimization steps), whereas the
internal folds vary the subset of data used for validating the under training models
(9 non-overlapping different subsets) during the algorithms internal iterations. The
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optimal model of each implementation of the 9 internal folds was finally kept for
every algorithm. Then, the average of the metrics in the external fold was calculated
for the 10 optimal models for every algorithm and Table 2 presents these results.

Table 2. Comparative Results of PPI classification methods

GEOMETRIC
ALGORITHM ACCURACY SENSITIVITY SPECIFICITY
MEAN
Naive Bayesian
. 73.59% 74.84% 63.64% 88.00%
Classifier
Random Forests 81.83% 81.82% 81.45% 82.20%
GA-SVM 79.19% 79.04% 74.34% 84.04%
PSO-SVM 81.64% 81.99% 82.08% 81.20%
DE-SVM 81.84% 81.84% 82.28% 81.40%
jGEPModel 2.0 82.67% 82.66% 83.28% 82.06%
EVOKALMA 87.43% 87.40% 85.33% 89.51%

From Table 2 it is clearly observed that EVOKALMA model outperformed signifi-
cantly all the other deployed methodologies in all the utilized metrics. This streng-
thens our belief that EVOKALMA algorithm is the most appropriate solution for
predicting and scoring PPIs.

The main concepts of the methodology are Interacting Processes and the method's
output, the Biological Processes Network (BPN) which nodes are biological processes
terms, as described by Gene Ontology database. This method, combined with experi-
mental or computational data of genetic or protein interactions, led to the discovery of
a variety of process interactions. Two types of networks were created: a) networks
based on protein interactions and, b) networks based on genetic interactions. Some of
the discovered connections are consistent with our biological knowledge, while others
require further research. For example, the process ‘“protein ubiquitination”
(GO:0016567) was found to be PPI-linked with protein catabolism-related proteins
and Gl-linked with processes related with cell cycle.

A process a was defined as PPI-linked with a process b if the number of proteins
which are annotated with b and interact with those annotated with a is greater than
expected by chance. Based on the process interactions the BPNs were created. The
network is directed, its nodes represent processes and a directed edge from process a
to b dictates interaction from a to b. The network created for S. Cerevisiae contains
5285 edges and the network created for H. Sapiens contains 24758 edges.

Gene Ontology database uses various metrics for the semantic similarity of
processes which are calculated by the distance of the processes on the hierarchical
tree of Gene Ontology. These metrics provide values mostly between 0 and 1, where
0 means that the only common ancestor of two processes is the term GO:0008150
(“biological process”). Many of the PPI-linked processes share a high semantic simi-
larity. While some others have low semantic similarity, it could be useful to be further
studied.
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As an example, the method discovered a link between “response to DNA damage
stimulus” (GO:0006974) and “chromatin modification” (GO:0016568). Despite the
fact that they have semantic similarity 0, chromatin and histone modification are uti-
lized in the DNA damage response pathway [23].

Using the genetic interaction datasets, two more networks were created. Two genes
are considered as interacting when their mutations show a combined effect which
does not appear by either mutation alone. The network created for S. Cerevisiae con-
tains 32967 edges and the network created for H. Sapiens contains 245 edges.

The resulting linked processes for the two organisms show great overlap, which is
consistent with the fact that they share a large number of protein and genetic interac-
tions. Unique linked processes also appear, such as the link between “hyperosmotic
response” (GO:0006972) and “regulation of MAP kinase activity” (GO:0043405),
which exists only in the S. Cerevisiae's network. The use of MAP kinase activity for
the regulation of the hyperosmotic shock response, is a known mechanism of S. Cere-
visiae.

Many of the proteins that genetically interact, also participated in PPI-linked
processes. For S. Cerevisiae, the probability two proteins to participate in PPI-linked
processes is 11% (only those processes with at least 50 genes participating were con-
sidered). If it is considered as known that these proteins interact genetically, the prob-
ability reaches 36%. Therefore, PPI-linked processes could be used by genetic inte-
raction prediction algorithms to increase their performance. Also, two proteins are
more likely to interact if they both belong to PPI-linked processes.

4 Conclusions and Future Work

In the present paper, we proposed a new holistic algorithmic framework to construct
accurate biological process network. This framework is consisted of a PPI prediction
and scoring algorithm which outperforms other existing methodologies and a varia-
tion of an existing algorithms for prediction biological process interactions which
enables it to handle weighted PPI networks.

Utilizing the proposed methodology, various interactions between biological
processes were predicted for both examined organisms, S. Cerevisiae and H. Sapiens.
Some were consistent with previous knowledge, while others require further research.
The method presented, focuses on the computational detection of links between
processes, rather than their confirmation or biological interpretation. A challenge
derived by this work is the need to review the structure of biological information,
since many of the computed interactions show little semantic similarity based on the
current structure of Gene Ontology database.

It was proven that PPI-linked processes could be used to enhance the performance
of genetic interaction prediction algorithms. Identifying GI-linked processes cal lead
to a new direction in generic interaction research. As a next step, the method could
incorporate gene expression information, to study processes interactions at a treat-
ment-control basis, as proposed in [3, 4].
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Another interesting idea for future work, is to investigate which processes show
different behavior in various conditions and how the interactions between them may
change. A way to achieve that, is by incorporating gene expression information from
different experimental conditions, such as infected and healthy tissue samples. Using
microarray experiments, genes whose expression changes greatly (often determined
by using simple statistical tests) can be defined as perturbed. A process is considered
as perturbed when the genes annotated with this process are perturbed. A link be-
tween processes is perturbed when both incident processes are perturbed. A major
drawback of this analysis is the report of all possible links between processes, which
includes unperturbed links and possibly identical links. To overcome this constraint
the utilized process links could be minimized by rewarding the inclusion of links
representing many gene interactions.
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