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1. Project aim

The process of data integration is an important emerging technique in
modern biology, as it allows combining information from various sources
and high-throughput technologies such as transcriptomics, genomics,
proteomics, and others to obtain a unified and coherent view of the
biological system under study, overcoming the limitations of individual
datasets. This integration enables the generation of new hypotheses, the
identification of complex patterns, and the development of more accurate
predictive models. In the context of my project, this methodology is applied
to the study of Plasmodium falciparum, the parasite responsible for malaria
in humans. Malaria remains one of the leading global health emergencies,
with millions of deaths each year, particularly in endemic regions of sub-
Saharan Africa. In recent years, the increased spread of mosquitoes that
carry the Plasmodium parasite in temperate regions of the Mediterranean,
attributed to climate change, represents a growing threat. Additionally, the
emergence of parasite strains resistant to commonly used antimalarial
drugs underscores the urgency of developing new therapeutic strategies.
These factors make the study of the host-parasite biological system still
highly relevant today. Using the integration of transcriptomic and genomic
data, the project aims to predict the parasite global network of protein-
protein interactions. The integration of transcriptomic and genomic data
not only can contribute to a more comprehensive view of the parasite
behaviour but also offers the possibility of uncovering specific
vulnerabilities that could be exploited for targeted therapeutic
interventions. Furthermore, a key element of this thesis is the inclusion of
spatio-temporal information, such as the subcellular localization of proteins
and the timing of their expression, to achieve a more detailed and dynamic

understanding of the interactions.



2. Introduction

2.1 High-throughput methods, multi-omics data and data
integration

Biological functions result from complex interactions between systems of
molecules and macromolecules involved in physical and biochemical
processes within structured environments (Wu et al, 2019). These
interactions are fundamental for sustaining life and understanding these
mechanisms is crucial for advancing biology and medicine. High-
throughput technologies have revolutionized biological research by
enabling the large-scale, systematic collection of molecular data. These
techniques allow researchers to simultaneously identify and quantify
thousands of biological molecules, providing an unprecedented depth of
insight into cellular functions. Each technology is designed to capture
specific types of data, offering a window into different aspects of biological
systems (Hsiao & Kuo, 2006). Despite their individual strengths, a single
approach can provide only a partial view of complex biological processes.
A more comprehensive understanding of biological processes is possible by
integrating and analysing data from different sources, for example genome,
transcriptome, proteome, and metabolome, etc. (the multi-omics data)
(Subramanian et al., 2020). An application of data integration involves
merging information from various multi-omics datasets to predict protein-
protein interaction networks to gain a more comprehensive understanding

of cellular processes and molecular pathways (Jendoubi, 2021).

2.2 Prediction of protein-protein interaction networks
Proteins are the essential components of cells and their interactions are

critical in orchestrating cellular activities. These protein-protein interactions



(PPIs) are central to regulating diverse biological functions, including
metabolic, signalling and regulatory pathway. The rise of high-throughput
techniques for identifying PPIs has improved our understanding of protein
functions while driving the development of diverse methods to predict and
analyse these interactions. Physical protein-protein interactions can be
experimentally identified by diverse approaches that can be conducted
either in vitro or in vivo (Rao, 2014). Although these techniques are highly
valuable, they are also very costly and time-consuming (Skrabanek, 2008),
moreover, high-throughput methods (Y2H system, SEC-MS) are affected by
a high number of possible false positives and require to be integrated with

computational methods (Vidalain et al., 2004).

Computational approaches involve the use of various analytical methods to
detect functional/physical associations (Raman, 2010). In the last years,
several and diverse methods have been developed to infer PPI networks.
First, merging information from various sources can lead to the creation of
more accurate networks as it enables the interactions themselves to be more
reliably established (von Mering et al., 2002; Jansen et al., 2003; Lee et al.,
2004). Second, this approach allows for the integration of diverse biological
information as networks based on various data sources can highlight

different aspects of an organism biology. (Lee et al., 2004).

Some of the most promising methods are based on the phylogenetic
profiling and the gene expression profiling. The phylogenetic profiling
method is based on the hypothesis that functionally or physically related
proteins evolve in a correlated manner, for example, they are lost or
acquired together during the course of evolution. In the first
implementation, for any gene of a given genome can be generated a

phylogenetic profile that indicates the presence (1) or absence (0) of its



homologs in other organisms (Pellegrini, et al, 1999). The correlation
between two phylogenetic profiles is an indication of a possible interaction
between the corresponding proteins. More recent advances of the method,
take advantage of the large number of available genomes today. The
construction of phylogenetic profiles requires the collection of genomic data
from different species to create a genome reference set. The selection of
species involves choosing a sufficiently high number of “non-redundant”
genomes that are as representative as possible of the "Tree of Life"
(Ciccarelli, et al, 2006; Powell, et al, 2012). Once the genome reference set is
built, it is used to be compared with protein sequences of the organism of
interest. For each protein sequence of the organism, the Smith-Waterman
alignment algorithm (Smith & Waterman, 1981) is used to identify the best
match in each genome within the reference set. The best match is identified
by the lower E-value, which represents the likelihood of finding a match by
chance (Date et al., 2003) and that is used to calculate the probability value
P according to the following formula:
p__ 1
logio(E)
The ordered ensemble of P values represents the phylogenetic profile of the

protein.

Gene expression profiling method is based on the hypothesis that
functionally related proteins have similar gene expression timing (Jansen,
et al, 2003). Taking advantage of the increasing number of transcriptomic
data for many organisms, this approach can be used in combination with

others to predict functional PPIs (O'Driscoll, 2011).

A Bayesian approach was proposed by Jansen et al. (2003) that integrates

“omics” data to infer a PPI network. In this probabilistic interactome a score



associated with the links between proteins indicates the probability of the
interaction occurring. The inferred interactome represent all possible
interactions occurring in the cell regardless of the spatio-temporal co-

occurrences of proteins.

In recent years, there has been an increasing interest to study not only the
different static associations between proteins but also their changes over
time. The availability of an increasing number of temporal data, obtained
by gene-expression or mass spectrometry experiment, has enabled the
study and construction of dynamic networks. Static networks provide a
snapshot of all possible interactions but fail to consider that not all PPIs
occur simultaneously or under the same conditions. Dynamic networks
address this limitation by integrating time-series or condition-specific data
and make it possible to model evolution/modification of a PPI network
(Daigle et al., 2010). However, computational methods to predict and
analyse dynamic PPI networks require advanced algorithms due to the
complexity of the problem (Daigle et al., 2010). In the last years, several
methods have been proposed to reconstruct and analyse biological dynamic
networks (Komurov and White, 2007; Ou-Yang et al., 2014; Li et al., 2018;
Pierrelée et al., 2021; Lucas et al. 2023 CRM). In this perspective, we mention
two approaches that are implemented in the Cytoscape environment. The
tirst one is DyNet and it has been proposed in 2016 by Lynn and colleagues
(Goenawan IH, Bryan K, Lynn D] Bioinformatics 2016 32:2713-5). DyNet
performs comparison of networks at different time points or in different
conditions allowing the identification of the most “rewired” nodes. This
kind of analysis, together with the calculation of centrality properties of the
compared networks can reveal crucial proteins for the temporal evolution

of an interactome. The second method is TimeNexus (Pierrelée et al., 2021)



that model a temporal network as a multilayer network whose elements are
connected by inter-layer edges. These temporal multilayer networks can be
analysed by other Cytoscape apps (PathLinker, AnatApp) to extract
“active” pathways that are the subnetworks most varying along the time.
Both these approaches require time-series data (gene expression data,
protein abundances etc.) to model a dynamic interactome. This is also the
case of Phasik a recent method designed for the inference and the analysis
of temporal interactomes that has successfully applied in at least two
different biological systems (Lucas at al., 2023, JOSS; Lucal et a., 2023, Zhang
et a., 2024). It integrates time series data (gene expression) into PPI network
to derive a series of network layers (representing PPI networks at different
time points) which can be grouped by a clustering method, thus reducing
the system dimensionality and making easier detection of

pathways/processes under temporal regulation.

2.3 Plasmodium falciparum: pathogen life cycle and malaria

Malaria is one of the most ancient diseases and still represents one of the
three health emergencies in the world, it is caused by a parasite belonging
to Plasmodium genus. Without timely treatment, malaria can become severe,
leading to complications such as kidney failure, pulmonary edema and
brain damage, which are often fatal (Basu & Sahi, 2017). In addition to its
severe health impact, malaria places a heavy economic and social burden
on communities, particularly in sub-Saharan Africa, where the disease is
endemic. According to the latest World Malaria Report, 246 million cases of
malaria were reported in 2023, with 569,000 deaths (World Health
Organization, 2024). Millions of people, especially young children and

pregnant women, remain at high risk. Despite progress in prevention and



treatment, such as insecticide-treated bed nets and artemisinin-based
combination therapies, malaria continues to claim hundreds of thousands
of lives each year. These factors emphasize the urgent need for intensified
research efforts to develop new strategies for controlling and treating

malaria.

Plasmodium falciparum, the most lethal species responsible for malaria in
humans, is transmitted through the bite of infected Anopheles mosquitoes.
The infection begins when a female Anopheles mosquito bites a person,
injecting Plasmodium sporozoites from its salivary glands into the
bloodstream. These sporozoites travel to the liver, where they invade
hepatocytes (liver cells). Inside the liver cells, the sporozoites transform into
schizonts, which undergo multiple fissions to release thousands of
merozoites (Venugopal et al., 2020). These merozoites then exit the liver and
infect red blood cells. Once inside the red blood cells, the merozoites go
through three main stages: the ring stage; the mature trophozoite stage,
where the parasite grows and transforms into a mature trophozoite
increasing in size (Ashley et al., 2018). Finally, the last intraerythrocytic
stage is the schizont stage, where the parasite undergoes schizogony
(asexual reproduction), forming new merozoites (Tripathi et al., 2023).
These merozoites break the red blood cells, exit into the bloodstream, and
infect new cells. Some merozoites, instead of becoming rings, develop into
sexual forms (gametocytes) known as microgametes (male) and
macrogametes (female) (Inselburg, 1983). When a mosquito bites an
infected person, it ingests these gametocytes (Smalley & Sinden, 1977). In
the mosquito midgut, the asexual forms are digested, but the gametes
survive, and male microgametes fertilize the female macrogametes. This

sexual reproduction results in the formation of a zygote, which transforms



into an oocyst embedded in the mosquito gut wall. The oocyst produces
thousands of sporozoites, which migrate to the mosquito salivary glands,

ready to infect another human and begin the cycle anew (Figure 2.3_1).
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Figure 2.3_1: Plasmodium falciparum life cycle. On the left side of the image is represented
the sexual cycle of the parasite inside the mosquito. This phase involves sexual
reproduction and development of infective sporozoites. One the right side is represented
the asexual cycle that takes place in the liver and in the blood stream of the human host.
This phase involves the multiplication of Plasmodium parasites through asexual

reproduction. (Tripathi et al., 2023)

Current challenges in malaria research include the rise of parasite drug-
resistant strains (Chaves, et al, 2010). The prediction and the study of P.
falciparum PPI networks can be a useful tool for the identification of parasite
specific important pathways/molecules possible candidates for drug
development. One notable example is the study by Date and Stoeckert
(2006), which reconstructed a PPI network by integrating multi-omics data
through a Bayesian framework. Furthermore, in the last years numerous
studies have focused on identifying human-Plasmodium PPIs, employing

both experimental and computational approaches to uncover mechanisms
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of infection and identify potential therapeutic targets. Among the most
recent contributions, the study by Ghedira et al. (2020) stands out for
proposing an integrative computational framework that merges multiple
sources of host and parasite data. Their approach led to the identification of
previously unreported interactions between human proteins and
Plasmodium proteins expressed across different stages of the parasite life

cycle.

2.4 Plasmodium organelles

Organelles in P. falciparum are of particular interest as potential drug targets
because they are specific to the parasite and absent in host cells. Apicoplast
is especially relevant due to its bacterial origin and its involvement in

essential biological processes for parasite survival.

As illustrated in figure 2.4_1, the apicoplast originates from a secondary
endosymbiosis event, where a eukaryotic red alga first engulfed a
cyanobacterium and was later engulfed by another eukaryotic cell
(McFadden et al., 1996). Over time, multiple gene transfer events took place
from the cyanobacterium to the red algal genome, and subsequently from
the red alga to the nuclear genome of the eukaryotic host. This evolutionary
process has resulted in apicomplexan genomes containing a mosaic of genes
from different origins. Today, the apicoplast genome encodes only a small
number of proteins involved in the metabolic pathways within the
organelle (Denny et al., 1996). The majority of apicoplast essential proteins,
which have bacterial and plant origins, are encoded by the nuclear genome
and are transported to the apicoplast through specific localization signals

(Martin & Herrmann, 1998; Foth et al., 2003).
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Figure 2.4_1: Evolutionary origin of the apicoplast. The apicoplast derived from a double
event of endosymbiosis. a) In the first endosymbiosis a cyanobacteria is engulfed by an
alga; b-c) a subsequent gene transfer events happened from the cyanobacterium to the alga
genome; d) a second endosymbiotic event occurred when the alga was engulfed by an
eukaryotic cell; e-f) a second series of gene transfers (red arrow) from the alga nucleus to

the eukaryotic one occur at the end of the endosymbiosis event.

It is known that the apicoplast is essential for the surtvival of the parasite
but little is known about molecular processes underlying its biogenesis and
development during the parasite life cycle. It undergoes to morphological
modifications during intraerythrocytic phase and precise division of a
single apicoplast into multiple organelles is necessary to ensure that new
parasites inherit a new apicoplast. It participates in several key metabolic
pathways. One of its main functions is the biosynthesis of fatty acids
through the FAS II pathway, which are vital for forming new cellular
membranes. Additionally, the apicoplast is responsible for producing

isoprenoid precursors via the DOXP/MEP pathway, which are necessary for
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processes like electron transport and protein modification. It also
contributes to heme biosynthesis, working in coordination with the

parasite’s mitochondrion (McFadden & Yeh, 2017).

The other organelle taken as a reference for the development of new malaria
treatments is in fact mitochondrion. P. falciparum mitochondrion is a highly
specialized organelle that plays a critical role in the parasite survival and
adaptation to its complex life cycle. Unlike mitochondria in higher
eukaryotes, which serve as the primary site for ATP generation through
oxidative phosphorylation, the P. falciparum mitochondrion has a
minimalistic DNA encoding just three proteins involved in electron
transport and ATP synthesis (Evers et al., 2021). One of its key roles is in the
electron transport chain (ETC), where it maintains mitochondrial
membrane potential, supports the regeneration of ubiquinone, and
provides electrons for the dihydroorotate dehydrogenase (DHODH)
enzyme which is located in the inner mitochondrial membrane and serves
as a mitochondrial regulator and is essential for pyrimidine biosynthesis
(Van Dooren et al., 2006). Since P. falciparum lacks the ability to salvage
pyrimidines, the inhibition of DHODH disrupts nucleotide synthesis,
making the mitochondrion a critical target for antimalarial drugs such as
atovaquone (Krungkrai & Krungkrai, 2016; Singh et al., 2017). Additionally,
the P. falciparum mitochondrion is responsible for iron-sulfur cluster
cofactors, which is crucial for various enzymatic processes, including those
required for DNA replication and repair (Falekun et al., 2021). Interestingly,
while the parasite relies predominantly on glycolysis for ATP production
during its intraerythrocytic stages, the mitochondrion becomes more

metabolically active during the mosquito stage, where the tricarboxylic acid
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(TCA) cycle is engaged to support energy metabolism (Srivastava et al,,

2016).

Currently, drugs that target these organelles and act during the blood
stream stage include atovaquone, which inhibits the mitochondrial electron
transport chain by targeting the cytochrome bcl complex (Staines et al.,
2018), and doxycycline/clindamycin, which disrupt apicoplast protein
translation, leading to delayed parasite death (Low et al., 2018). However,
these drugs have limitations. Atovaquone resistance arises rapidly due to
single-point mutations in the cytochrome bcl complex, reducing its long-
term effectiveness (Vaidya & Mather, 2000). Apicoplast-targeting drugs are
often slow-acting, requiring multiple replication cycles to exert their full
effect, making them less effective as standalone treatments (Mariebernard
et al., 2022). This slow action also means they must be combined with fast-
acting drugs like artemisinin for immediate parasite clearance. These
challenges highlight the need for new drugs that can target these organelles
more efficiently, either by overcoming resistance mechanisms or by acting

more rapidly.
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3. Methods

3.1 Statistical analysis tools

Cluster 3.0 (De Hoon et al., 2004) and Java TreeView (Saldanha, 2004) are
bioinformatics tools designed for hierarchical clustering and visualization
of gene expression data. Cluster 3.0, developed at Stanford University, is
primarily used for clustering analysis. The program implements various
clustering algorithms, including hierarchical clustering, k-means, and self-
organizing maps (SOM). It allows selection of different similarity metrics,
such as Euclidean distance or Pearson correlation. The results can be
visualized through Java TreeView. Java TreeView (Saldanha, 2004) enables
users to visualize clustered data in the form of dendrograms and heatmaps.
The software supports interactive exploration, where users can zoom in on
specific clusters, reorder the display, and adjust colour schemes to enhance

interpretation.

3.2 Databases

RMgmDB (Rodent Malaria genetically modified Parasites) (Khan et al.,
2013) is a database that offers comprehensive information on genetically
modified malaria parasites created by research laboratories around the
world. It focuses on three rodent malaria species: Plasmodium berghei, P.
yoelii, and P. chabaudi. Its primary goal is to support the research community
by providing data on the generation of mutant parasites, such as gene
disruptions, tagging, mutations, and transgene expression, as well as their
resulting phenotypes. The database also indicates the corresponding

orthologs in the human malaria parasite Plasmodium falciparum.

Malaria Parasite Metabolic Pathways (Ginsburg, 2006) is a database for the
functional genomics of intraerythrocytic Plasmodium falciparum. It consists

of maps and tables that organize the annotated genes of the parasite genome
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in a functional context. It contains expression data and all the information
about the subcellular location of annotated encoded genes and integrates

experimental data and computational predictions to map out key pathways.

KEGG (Kanehisa & Goto, 2000) is a comprehensive database that contains
genomic, chemical, and systemic functional information on biological

pathways and processes.

STRING (Szklarczyk et al., 2023) is a bioinformatics database that provides
information on protein-protein interactions (PPIs). It integrates data from
multiple sources, including experimental studies to create a comprehensive

network of protein-protein interactions.

Uniprot (Universal Protein Resource) is a database that provides detailed
information about proteins. It is one of the most widely used by researchers
as it integrates different information as protein sequences, their functions
and structures, from various sources including experimental data and

computational predictions (UniProt Consortium, 2025).

PlasmoDB (Alvarez-Jarreta et al., 2024) is part of The Eukaryotic Pathogen,
Vector, and Host Informatics Resources (VEuPathDB), a collection of
databases that provide access to data on eukaryotic pathogens. It was
developed to meet the specific needs of the malaria research community by
compiling genomic sequences, functional annotations, and experimental
datasets related to Plasmodium spp. It contains data from multiple sources,
including genome sequencing projects, transcriptomic and proteomic

datasets, functional genomic screens, and literature-based annotations.
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3.3 Creation of gene expression profiles from erythroid

progenitors expression data files

Red blood cells (RBCs) develop from hematopoietic stem cells in the bone
marrow, progressing through various stages of differentiation. This
maturation process, known as erythropoiesis, lasts approximately seven
days and throughout this journey, erythroid precursors progressively lose
their nuclei and other cellular structures, transforming into mature,
anucleate cells specialized for the transport of oxygen and carbon dioxide
(Gunsilius et al., 2001). We constructed a gene expression data set to be used
for predicting PPI network for red blood cells. To do this, we used data
available from erythroid precursors before nuclear loss, derived from the

paper by Merryweather-Clarke et al., (2011).

The dataset covers four stages: a) proerythroblast: (P) large cells with a
prominent nucleus and basophilic cytoplasm due to the high RNA content
required for hemoglobin synthesis; b) early erythroblast (E): smaller cells
with a reduced nucleus that produce haemoglobin; c) intermediate
erythroblast (I): cells in which the nucleus begins to condense; d) late
erythroblast (L): a phase where the nucleus is highly condensed and ready

to be expelled.

The dataset contains RNA-seq data for 13.395 probes corresponding to 8570
transcripts. To construct a robust and reliable data set of gene-expression
profiling we implemented the following procedure: after selection of data
of interest (minimum linear expression levels from 3 normalized replicates
at each stage P, E, I and L), expression probe-profiles were grouped
according to the corresponding transcript. For each probe group the

Pearson correlation matrix was calculated; only probe-pairs with values
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higher than 0.85 were retained. A subsequent selection was performed to
select for each gene the probe pair with highest correlation value and the
corresponding average profile was calculate, resulting in 7597 gene profiles.
These data were compared with the most recent proteomic data
(D’Alessandro et al., 2017) containing 1774 identified proteins in mature red
blood cells. The resulting final data set consists of 1405 gene expression

profiles.

3.4 Gold standards

Gold standards are reference datasets used to evaluate the performance of
new methods, models, or algorithms and validate the results obtained
(Cardoso et al., 2014). A gold standard consists of two data sets: True
Positive (TP) data set and True Negative (TN) data set. For each group of
data (P. falciparum, human erythrocytes), we constructed two gold
standards to take into account both functional and physical PPIs. To
construct a gold standard of TPs for physical interactions, we used STRING
database for both parasite and human proteins obtaining a data set of
156931 PPIs for P. falciparum and a data set of 6915 PPIs for red blood cells.
TN data sets were derived shuffling protein-protein pairs in TP data set in
order to generate fictitious protein pairs. To avoid any bias, redundancies
were removed, then protein-protein pairs in TN were compared with those
in the TP dataset, and any match was discarded from the dataset. To
construct gold standards for functional interactions, we utilized the KEGG
database. From the KEGG Orthology section, we derived information
related to metabolic pathways for P. falciparum and human erythrocytes.
Proteins involved in the same metabolic pathway were considered to

generate all their possible pairs of functionally related proteins. The TN
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data set was obtained following the same procedure described for the

physical gold standards.

3.5 Data integration

We developed a pipeline to integrate data from phylogenetic and gene-
expression profiling (figure 3.5_1). The procedure can be divided into three
main steps. First, we generated the correlation matrices for the two data sets
(figure 3.5_1 panel a), the corresponding Pearson correlation matrices were
obtained by inputting the phylogenetic and expression profiles through an
R script that utilized the library Hmisc, in particular we utilized the rcorr
function. This script not only computes the correlation coefficients but also
provides p-values to test the statistical significance of the correlations. To
avoid redundancy in the predicted protein-protein interactions, we
considered that each protein pair is undirected; that is, pairs such as A-B
and B-A were treated as equivalent. Therefore, only one instance of each
pair was retained during the analysis. Following this filtering step, all
protein pairs with a p-value > 0.1 were discarded to retain only statistically
significant associations. The matrices were then reorganized into a more
readable format, structured as a four-column table containing all the pairs
of proteins, their corresponding correlation and p-values. In the second step
(figure 3.5_1, panel b) the final lists of all protein pairs were compared with
the Gold Standards (using the merge function in R), protein pairs found in
TP and TN datasets were then grouped binning the corresponding
correlation values, and the TP/FP ratio was calculated for each bin. We then
developed an R script to automate the final step of the data integration

process (figure 3.5_1, panel c): first each pair of proteins in the two datasets
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(phylogenetic profiles and gene expression data) were assigned
corresponding TP/FP values, then we proceeded with a check of the final
lists obtained. To achieve this, we utilized several R libraries: data.table for
handling large datasets, tidyverse for data manipulation and visualization,
splitstackshape for reshaping data, and purrr for iterative processing and
tiltering. Once both datasets were processed, we calculated the global score
(Lg) as the product of the single scores from the two datasets (Lpp, Lge).
Protein-pairs absent in one dataset were retained with score of 1, ensuring
a comprehensive data integration. To establish a reliable threshold of Lg
score, an assessment of the predictive performance was done by calculating
for each Lg score, the TP/FP and the corresponding percentage of genome

coverage.
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Figure 3.5_1: Schematic workflow of the computational analysis pipeline.
a) Gene expression and phylogenetic profiles are used to generate Pearson correlation
matrices, followed by data manipulation to format the correlation data into standardized
protein pair tables. b) True Positive (TP) and True Negative (TN) protein pairs are matched
to these tables to derive TP/FP scores for gene expression and phylogenetic profiles;
c) The Lpp and Lge scores are multiplied to obtain a global score. The final step involves
assessing genome coverage based on the computed scores to derive a reliable PPI network.
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3.6 Predictive performance assessment

To assess the performance of a single data set (phylogenetic profiles and
gene expression data), we applied a five-fold cross-validation procedure.
To obtain five independent group of data, each predicted PPI dataset was
randomized and then subdivided into five subsets of equal size. The five
datasets were used to perform five independent assessments by comparing
them against the functional and physical gold standards. The statistical

parameters we considered were:

true positives

Sensitivity = — -
true positives + false negatives
o true negatives
Specificity = - —
true negatives + false positives
true positives
PPV =

true positives + false positives

Five ROC curves were derived and the Area Under the ROC Curve (AUC)
was calculated using the Gini formula (Schechtman & Schechtman, 2019)

for each of them, then the average AUC value was derived:

AUC = %Z((Xi — X)) — Y1)

3.7 Plasmodium falciparum and red blood cell interactome

To derive a host-parasite PPI network we write a script on R to merge the
matrices containing the phylogenetic profiles of both, then Pearson
correlations were calculated between all parasite-host profile pairs,

allowing us to also obtain the correlation between Plasmodium and red
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blood cell proteins, only protein-pairs with a correlation higher than 0.5
were retained. An additional step was necessary to obtain a network that
considered only the interactions between non-orthologous genes.
Orthologous genes are homologs, meaning they are genes present in
different species that derive from a common ancestor and, in this case, have
diverged through a speciation process but often retain similar functions
(Koonin, 2005). If they are maintained, they could generated high
correlations due to their evolutionary similarity rather than biologically
relevant interactions between Plasmodium and red blood cells. We used
OrthoMCL to remove from parasite and red blood cell data sets proteins

belonging to the same orthologous group.

3.8 PPI network analysis
PPI networks were visualized and analysed by Cytoscape (version 3.10.3,

Shannon et al., 2003): MCL, Network Analyzer, and Dynet.

MCL (Markov Cluster Algorithm) enables graph clustering by detecting
densely connected regions within a network, which correspond to
functionally related groups. It is based on a Markov cluster algorithm to
detect densely connected regions in a graph. The algorithm provides
parameter tuning options that allow users to adjust the inflation parameters
to control cluster granularity (Van Dongen, 2000; Van Dongen & Abreu-

Goodger, 2012).

Network Analyzer is a core Cytoscape tool used for computing and
visualizing network topology parameters. In particular, we considered the
following centrality measures: node degree, shortest path length, closeness,

clustering coefficient and betweenness. Node degree is a measure of how
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many edges are attached to a particular node. This metricis a representation
of the connectivity of a node within the network. The shortest path length
refers to the minimum number of edges that must be crossed to get from
one node to another within the network. This is useful for understanding
how are disposed the connections within the network (Mousavian et al.,
2021). Closeness measures the centrality of proteins within the network,
which can be interpreted as the "importance" of the proteins in the overall
network (Manrique et al.,, 2023). The clustering coefficient reflects how
tightly proteins are grouped with their neighbours, offering insight into the
local cohesiveness of connections in a network (Li et al., 2017). Betweenness
centrality measures the extent to which a protein acts as a bridge between

other proteins (Barthelemy, 2004).

Dynet is a Cytoscape app designed for visualizing and analysing dynamic
networks, where interactions and nodes change over time or under
different conditions. We used this tool for comparative analyses of PPI

networks.

3.8.1 Cluster_net

We developed a tool in R for transforming a PPI network into a cluster-
based network, where nodes represent clusters instead of individual
proteins, this new tool allow to highlight a higher level of networks
organization revealing interactions between possible functional modules

(Figure 3.8.1_1).
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Input of the tool are two datasets: 1) MCL results consisting of a table of
protein ID and the corresponding cluster and 2) list of the interactions
between proteins. These datasets were loaded into R using the data.table and

the tidyverse libraries was used for data handling.

Figure 3.8.1_1: Cluster_net. The Cluster_net R script allows the cluster organization

underlying the interactome to be visualized.

Each protein in the list of protein interactions was assigned to the
corresponding cluster. This results in a list of cluster-cluster interactions,
then the number of proteins within each cluster (Ni) was determined and
the number of interactions between different clusters was computed (Ojj).
To take into account bias introduced by cluster size, we computed a
normalized interaction value by dividing the observed interactions between
clusters by the total possible interactions calculated as Ni x Nj. This
normalization allowed us to assign a size-adjusted weight to the edges in

the new network according to:

Eij = Oij/(Ni x Nj)
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4. Results and discussion

4.1 A Bayesian approach to data integration for inferring P.
falciparum interactome

To predict P. falciparum PPI network, we applied the method introduced by
Jansen et al. (Jansen et al., 2003) that propose an approach to integrate multi-
omics data, outperforming the predictions derived from the single “omic”
data set. The Bayesian model performs probabilistic inference and
calculates a score for each protein pair indicating the probability that the
proteins are involved in a functional and/or in a physical interaction. It was
considered a functional interaction when two proteins are involved in the
same metabolic pathway or, more generally, in the same biological process
(e.g. transcription, translation, DNA replication, etc). Multi-omics data such
as gene expression and phylogenetic profiles were used in this study. The
similarity between gene expression profiles implies that corresponding
genes are co-expressed and this can be seen as an indication that
corresponding proteins can interacts. In the case of phylogenetic profiling
method, the similarity between profiles is viewed as a possible co-evolution
of the corresponding proteins and thus an indication of a possible

interaction.

Comparing each dataset (phylogenetic profiles and gene expression
profiles) with appropriately constructed gold standards (see Methods 3.4),
we obtained the corresponding probability score, Lge for gene expression
data and Lpp for phylogenetic profiling, then we calculated a global

according to the approach proposed by Jansen et al., 2003:

Lg=Lgex Lpp
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To calculate Lpp, we started from the phylogenetic profiles available for P.
falciparum in our laboratory. This data set was obtained by aligning the 5264
sequences deduced for the parasite proteome with a genome reference set
obtained from EggNOG database. The reference set include 699 proteomes
(594 prokaryotes; 45 Eukaryotes, 61 Archea). A probability value was
derived when a match is found, while a 0 value is assigned when the match
did not occur. The ordered ensemble of these values for each protein is

considered the phylogenetic profile of that protein (Sferra, 2015).

To calculate the similarity matrix of phylogenetic profiles, we used two
different measures: Pearson correlation and distance correlation (Sferra,
2015). A limitation of Pearson correlation is that it captures only linear
dependencies between variables. Distance correlation overcomes this
limitation by measuring both linear and nonlinear relationships between
two random variables. For this reason, we decided to evaluate the
predictive performances of phylogenetic profiling using the two metrics.
Therefore, we calculated 5264 x 5264 two similarity matrices. The similarity
matrices were obtained by using a R script as described in Methods 3.5. To
assess predictive performance, we compared results from five-fold cross
validation assessment, for both two correlation measures with two different
gold standard data sets, the first based on KEGG database to assess
functional interactions and the second one based on STRING to assess
physical interaction as described in the Method section. Results are shown
in figure 4.1_1. We observed that the predictive performance of
phylogenetic profiling method failed to predict physical PPIs, in fact using
both metrics the AUC value is 0.54. On the other hand, the prediction of
functional PPIs provides good enough results using both Pearson

correlation and distance correlation. However, the usage of Pearson
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correlation gives slightly better results as resulted by calculation of AUC

values. For this reason we utilized this dataset for the calculation of the

score Lpp.
Phylogenetic profiling
a) KEGG STRING
1 1
08 08
06 06
04 04
2t /7 AUC=066:0.003 el /7 auc-05a10002
0 L]
o 02 0.4 06 08 1 o 0.2 04 06 08 1
KEGG STRING
b) - '
08 08
06 06
04 04
" AUC=0.63+0.001 N AUC=0.54+0.003
0 0

] 02 04 06 08 1 0 0.2 04 06 08 1

Figure 4.1_1: Phylogenetic profiling assessment. The predictive performance of
phylogenetic profiling was assessed by five-fold cross validation using two different
metrics: a) Pearson correlation, b) distance correlation and two different gold standard data
sets, the first one is based on the KEGG database to evaluate the performance in predicting
functional PPI, the second data set is based on STRING to evaluate the performance in
predicting physical PPI. AUC mean values and standard deviations are shown for each

analysis.
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A data set containing 5241 gene expression profiles was constructed
covering both the asexual and sexual stages of P. falciparum. For asexual
stages two data sets are available corresponding to two independent
cultures synchronized using different methods (sorbitol and temperature)
(Le Roch, et al. 2003). These data include gene expression values for early
and late rings, trophozoites, early and late schizonts. For sexual stages a
data set is available and consists of a time course of P. falciparum 3D7
gametocytes (form day 1 to day 12) (Young et al, 2005). A profile covering
the entire intraerythrocytic cycle was constructed whose gene expression
values, starting from raw data downloaded from PlasmoDB, were

normalized and log2 transformed according to:
Xi norm = 10g2 (Xi/Xmean)

Where Xi nom is the normalized value calculated for the i-th element of the

expression profile and where Xmean is the mean of values along the profile.

We applied a five-fold cross validation procedure to assess the predictive
performance of gene expression profiles. We calculated a similarity matrix
using Pearson correlation as a metric and then we compared results with
KEGG-based and STRING-based gold standards. Results are shown in
figure 4.1_2 where the prediction of physical PPIs is close to the results
obtained by chance, while the prediction of functional PPIs can be
considered significantly higher. We utilized this dataset to calculate the

score Lge.
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Figure 4.1_2: Gene expression profiling assessment. The predictive performance of gene
expression profiling was assessed by five-fold cross validation Pearson correlation and two
different gold standard data sets, the first one is based on the KEGG database to evaluate
the performance in predicting functional PPI, the second data set is based on STRING to
evaluate the performance in predicting physical PPI. AUC mean values and standard

deviations are shown for each analysis.

To proceed with score calculation, we developed a novel bioinformatics tool
on R platform. After a series of quality checks, for each data set a list of
reliable protein pairs was generated. Protein pairs in each list were grouped
binning the corresponding Pearson correlation value. The protein pairs in
each bin were compared to the gold standards TP and TN, the
corresponding TP/FP ratio was calculated and assigned as a score to all
protein pairs in the same bin (table 4.1_1). After, we obtained two lists of

protein pairs with the corresponding scores, these were compared by R
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script and for each match of identical protein pairs a global score (Lg = Lge

x Lpp) was calculated.

Phylogenetic profiles Gene expression profiles
bin TP/FP bin TP/FP
-0.7 1.145 -0.9 1.147
-0.6 1.145 -0.8 1.147
-0.5 1.144 -0.7 1.147
-0.4 1.143 -0.6 1.149
-0.3 1.142 -0.5 1.153
-0.2 1.141 -0.4 1.159
-0.1 1.158 -0.3 1.171

0 1.244 -0.2 1.189
0.1 1.402 -0.1 1.214
0.2 1.752 0 1.254
0.3 2.1 0.1 1.308
0.4 2.013 0.2 1.382
0.5 2.2 0.3 1.478
0.6 2.842 0.4 1.596
0.7 4.503 0.5 1.751
0.8 5.452 0.6 1.978
0.9 3.89 0.7 2.263

1 1.457 0.8 2.690

0.9 3.288
1 4.179

Table 4.1_1: The TP/FP ratio was associated to each protein pair in each bin as a score

An assessment of the final prediction was performed to establish a
threshold for the score value taking into account both the PPV and the
genome coverage (Figure 4.1_3). A Lg value higher than 6 guarantees a
genome coverage higher than 88% and a PPV value higher than 0.83
(corresponding to a TP/FP ratio higher then 4.8). This results in a PPI
network of 4605 nodes and 322084 edges (Figure 4.1_4).

31



PPV

095 +
0.9 +
0.85 + Lg=6
0.8 +

075 T
0.7 +
065 T
06 +
0.55 T

0.5 } } } } |
0 20 40 60 80 100

Genome coverage%

Figure 4.1_3: Assessment of the Bayesian prediction. PPV against genome coverage plot,

dots correspond to Lg scores
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Figure 4.1_4: P.falciparum global interactome

4.2 Analysis of predicted P. falciparum interactome

For many years, it was assumed that biological networks are characterized
by specific topological characteristics, in particular their possible scale-free
architecture, meaning that in these networks, node degree distribution
tends to follow a power-law y = x* (with a ranging from 2 to 4; Barabasi and

Albert 1999). These implies that few nodes have a high number of
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connections, while the majority have relatively few (Uetz et al., 2000; Ito et
al., 2001). Furthermore, many biological networks exhibit “small world”
and “modularity” characteristics. Although doubts have arisen in recent
years as to whether biological networks strictly adhere to these topological
rules (Valverde et al., 2015), the study of centrality measures is usually used
to reveal differences between real and random networks. To test whether
our P. falciparum PPl network exhibits this behaviour, we analyzed the
distributions of the node degree, the average shortest-path length and of the
clustering coefficient in comparison with the corresponding distributions of
a properly generated randomized model (Figure 4.2_1). The results showed
that the predicted interactome is different from random models. Its node
degree distribution, as expected, follows a power-law with y = x!; the
average shortest-path length distribution is significantly different from that
of the randomized model as is the average clustering coefficient versus node
degree plot. This reveals a modular architecture, which is considered

typical of biological PPI networks.
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Figure 4.2_1: Centrality analysis of the global PPI network. a) Node distribution follows

a power-law function showed as a dashed line (y #x% where a =-1; R > 0.96, p <0.05), the
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node degree distribution for a random network is shown in the panel. b) Distribution of
the average shorthest-path length of the global interactome in comparison with the
distribution for a random network (red dashed line) c) average clustering coefficient versus
log(node degree) for the predicted network; red dashed line indicates the distribution
corresponding to random network. Random interactome is a Watt-Strogatz network

(N=4605 nodes; k=140 mean node degree; (3 = 0.5 probability edge rewiring).

A preliminary visual inspection revealed a peculiar architectural structure
of the graph representing the predicted global PPI network (figure 4.2_2).
We observed that proteins involved in parasite-specific biological processes
are peripherally localized, in particular proteins (PfEMP1, rifin and stevor)
that play a crucial role in the mechanism used by the parasite to evade the
host immune system (antigenic variation) are organized in two distinct
clusters. Interestingly, this is also the case for a small group of proteins
called “Pfmc-2TM Maure cleft transmembrane proteins” that are involved
in the transport of PEEMP1, rifin and stevor proteins from the parasite to the
surface of infected erythrocytes (figure 4.2_3) where they are “visible” to

the host immune system.
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parasite-specific
intracellular transport

Figure 4.2_2: Global P. falciparum interactome. The global interactome predicted for P.
falciparum proteins is visualized in Cytoscape_3.10.3 (Prefuse Force Directed layout).
Proteins involved in parasite-specific processes are highlighted in red (proteins involved
in invasion/gametocyte development) and in orange (antigenic variation), grey nodes
represent proteins involved in fundamental biological processes
(translation/transcription/metabolism/etc). Nodes highlighted in yellow represent proteins

of unknown function but directly linked to proteins involved in the antigenic mechanisms.

Interestingly, some proteins of unknown functions are directly linked to

PtEMP1 proteins (highligthed in yellow in figure 4.2_2 and represented in
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tigure 4.2_3). This suggests that they may play a role in the process of
antigenic variation, making them interesting targets for further

experimental studies.

Figure 4.2_3: PfEMP1 transport. PfEMP1 proteins are involved in the antigenic variation
mechanism used by the parasite to evade the host immune system. PfEMP1 proteins are
exported from the parasitophorous vacuole to the erythrocyte cytosol and then, via Maurer
clefts (a membranous structure visible in infected red blood cells) are exported to the

erythrocyte surface.

In order to highlight the overall architecture of the network, we developed
the Cluster_net R tool that allows the cluster organization underlying the
interactome to be highlighted. As described in Method section, we started
from MCL results to obtain a new network configuration in which nodes
represent clusters and edges normalized values of connections between
them. Result obtained for P. falciparum PPI network is shown in figure 4.2_4.

Each cluster is represented as a pie chart, which represents the functional
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annotations of proteins in that cluster. Proteins involved in antigenic
variation are mainly found in clusters c5 and ¢8, suggesting they are formed
by proteins encoded by two different multigene familes. In addition to the
antigenic variation clusters, the figure also reveals other functionally
cohesive and interconnected clusters, such as ¢18, c21, and c22, which are
enriched in signalling-related proteins (light purple). Their dense
interconnectivity shows an important signalling hub within the protein
network. Clusters c3, c4, c14, and cl17 display a predominance of proteins
involved in translation. Interestingly, although they share a similar
functional focus, their distribution within the network is relatively
dispersed. This spatial dispersion could suggest that, despite their common
involvement in translation, these clusters may participate in distinct

regulatory contexts or steps of the translational process.
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Figure 4.2_4: Functional clustering of proteins of P.falciparum. The network displays
protein clusters derived from functional annotation, where each node represents a cluster
and is visualized as a pie chart. The size of each pie is proportional to the number of
proteins it contains, while the coloured sectors indicate the relative abundance of specific

functional categories as defined in the legend.

4.3 Stage-specific P.falciparum interactomes

As mentioned in the introduction, Plasmodium parasites are characterized
by a complex life cycle involving different environments (red blood cells,
liver, mosquito gut, etc). These different conditions force the parasite to
continuously evolve into different forms. In the intraerythrocytic phase
(Figure 4.3_1), parasites can develop in two ways: undergoing to several
rounds of invasion and replication (schizogony) or developing into sexual

cells (male and female gametocytes). Schizonts and gametocytes are highly

39



specialized forms of the parasites, schizonts are replicative forms of the
parasite that generate merozoites responsible for the invasion of red blood
cells, the symptomatic phase of human malaria, while gametocytes are
responsible for the transmission of the disease, in fact only gametocytes
survive in the mosquito midgut where the fertilization takes place. The
identification of novel proteins that may be involved in the mechanisms of
invasion and sexual development could represent a significant
advancement in understanding the biological mechanisms underlying
these stage-specific processes. Furthermore, many parasite proteins are still
annotated as “unknown proteins” (more than 40% of the total proteome),
lacking homologs in other organisms, thus probably involved in parasite-
specific biological processes. The study of predicted stage-specific

interactomes could represent a useful tool for assigning a possible role to

S
y =

RBCs

these proteins.

j@@a ®

Gametocytes P. falciparum

Figure 4.3_1: P. falciparum blood life cycle. In the intraerythrocytic phase, parasites can
develop in two ways: 1) undergoing to several rounds of invasion and replication
(schizogony) or 2) developing into sexual cells (male and female gametocytes) (Bousema

& Drakeley, 2011).



We utilized proteomic data available for asexual stages (trophozoites,
Silvestrini et al.,, 2010; schizonts, Bowyer et al., 2011) and sexual stages
(gametocytes, Silvestrini et al., 2010) to filter the predicted global PPI
network and thus derived stage-specific interactomes. We obtained three
PPI networks involving 1038 nodes and 11267 edged for trophozoites, 1126
nodes and 13493 edges for schizonts and 1787 nodes and 54963 edges for
gametocytes. We performed an assessment procedure separately on the
three interactomes, in all the three cases we obtained PPV values higher
than the value found for the total interactome (82.7%): 87.8% for
trophozoite; 87.5% for schizont; 85.9% for gametocyte. This supports the
hypothesis that the inclusion of temporal information eliminates a certain
number of false positives improving of the predictive performance of the

method.

The three stage-specific PPI networks share a common core of 792 proteins
(figure 4.3_2) involved in fundamental biological processes such as
transcription, translation, nuclear activity, etc., more than 450 proteins are
common to asexual and sexual stages and hence involved in general
pathways/processes. In each interactome a fraction of proteins is stage-
specific, as these proteins are exclusively expressed in trophozoites (90

proteins), schizonts (155 proteins) and gametocytes (763 proteins).

We analysed topological properties of the three PPI networks in terms of
constitutive and stage-specific nodes, in particular we analysed the
distribution of three centrality measures: the clustering coefficient,

closeness centrality, and the average shortest path length.

Results of the topological analysis are shown in figure 4.3_2, in all but one
case (clustering coefficient in trophozoites) distributions of the centrality

measures for constitutive and stage-specific proteins significantly differ
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(two-tailed T-test; significance level 5%). In particular, stage-specific
proteins in schizonts have higher average clustering coefficient than
constitutive proteins, in asexual stages stage-specific proteins have lower
average closeness centrality and higher average average shortest-path
length than constitutive proteins. All together these results indicate that
proteins involved in stage-specific processes occupy peripheral regions of
the asexual PPI network and are organized into clusters in the case of the
schizonts. On the other hand the results obtained for the gametocyte
interactome show a higher average clustering coefficient, a higher average
closeness and a lower average shortest path-length than constitutive
proteins. This result suggests that nodes representing stage-specific
proteins, even if they are involved in clusters, are not located in a peripheral
region of the network as they are highly interconnected with the rest of the

network.

Finally, we can conclude that consistent with the biology, most of the
constitutive proteins act as central hubs, forming the central scaffold of the
network architecture, while proteins involved in stage-specific processes,
especially in asexual stages, are grouped in clusters distally linked to the

central scaffold.
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Figure 4.3_2: Stage-Specific Protein-Protein Interaction Networks and Their Topological
Properties. The leftmost panels display the stage-specific PPI networks for trophozoites
(a), schizonts (b), and gametocytes (c), with constitutive proteins in blue and stage-specific
proteins in yellow. The right panels illustrate the distributions of centrality measures for
stage-specific and constitutive proteins, red lines represent the medians. T-tests were
conducted (two-tailed test; 95% confidence interval) to assess differences between

distributions.

To investigate the functional significance of proteins in stage-specific

networks we analysed the topological properties of proteins encoded by
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genes related to different phenotypes when knocked out (KO) in
Plasmodium parasites. We exploited data from the RMgmDB database
(Khan SM et al.,, 2013), which catalogues genetically modified parasite
strains. We retrieved data from RMgmDB, selecting KO mutants that
exhibit phenotypes in asexual or sexual blood stages. Proteins were
categorized into three groups: essential genes (KO results in a lethal or
highly detrimental phenotype); phenotypic genes (KO mutants exhibit a
distinguishable phenotype from wild-type parasites); and non-phenotypic
genes (KO does not show a phenotype distinguishable from the wild type).
We mapped “phenotype” information on the PPI network of the specialized
parasite cells schizonts and gametocytes. The numbers of proteins mapped
in the two interactomes encoded by genes in each category are shown in

table 4.3_1).

schizonts | gametocytes
essential 422 590
phenotypic 69 111
non phenotypic 60 101
NA 575 985

Table 4.3_1: Results of the “phenotype” mapping in the PPI networks of schizonts and

gametocytes
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The topological properties of the proteins in each category were measured
by the following metrics: node degree, betweenness centrality, closeness

centrality and average shortest-path length.

The network visualization (Figure 4.3_3) shows RMgmDB information
mapped on the interaction networks. Distributions of normalized centrality
values of proteins in the three categories are shown as box-plots. We
observed that, in both asexual (panel a) and sexual (panel b) interactomes,
essential genes are characterized by a high number of outliers especially in
the distributions of node degree and betweenness. This suggests that these
proteins act as hubs that allow communication between different regions of
the interactomes and thus play a critical role in the maintenance of the
overall architecture of the network. Similarly, proteins encoded by
“phenotypic” genes have a central position in the two networks (closeness
values higher than the mean value and average shortest-path length lower
than mean value) but are characterized by low betweenness values and
node degree values close to the mean value of the distribution, suggesting
that most of them do not act as hubs of the networks. On the other hand,
proteins encoded by genes in “non-phenotypic” class have different
distributions in asexual and sexual networks. In fact, in asexual interactome
they are characterized by centrality values suggesting a marginal role in the
network topology, while in gametocyte network these proteins seem to be
centrally located. One possible explanation is that many of these proteins,
although expressed at gametocyte stage, explain their function in the
mosquito stage. From this point of view, and in line with our biological
knowledge, the gametocyte appears to be a kind of reservoir that prepares
and maintains the molecular machinery necessary for subsequent

development in the invertebrate host.
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Figure 4.3_3: Network Properties of Genetically Modified Plasmodium Parasites. a)
network of asexual stage; b) network of sexual stage. Red nodes highlight proteins
encoded by essential genes, light blue nodes indicate proteins encoded by “phenotypic”
genes and yellow nodes protein encoded by “non-phenotypic” genes. Boxplots compare

network centrality metrics (node degree, betweenness, closeness, and shortest-path length)
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among essential (red), phenotypic (blue), and non-phenotypic (yellow) gene categories,

highlighting their distinct network properties.

4.4 Phasik: an approach to the study of dynamic networks

Apicomplexa harbour two organelles: mitochondrion and apicoplast,
which are essential for the growth and survival of the parasite, both the
organelles undergo adaptation to the life of the parasite and for these
reasons, biological processes occurring in the organelles are considered
potential targets for drug development. Mitochondrion greatly differs from
the human organelle both at molecular and functional level. Whereas in
asexual blood stages the mitochondrion is essential for pyrimidine
biosynthesis, in gametocytes the proteins involved in the respiratory chain
are much more abundant, suggesting a functional change of this organelle
(Ke et al., 2015; Evers et al. 2021). The apicoplast was originated from a
secondary endosymbiosis event, occurred when a eukaryotic red alga
engulfed a cyanobacterium and then was subsequently engulfed by a
eukaryotic cell. It plays essential roles in the production of fatty acid,
isoprenoid, and heme, unique metabolic pathways not present in humans

(Quansah et al., 2024, Biddau and Sheiner, 2019).

Dynamic networks are important tools for understanding the complexity of
biological systems, they can reveal hidden dynamics that static models may
overlook (Kim et al., 2014). Unlike static networks, which provide a fixed
snapshot of relationships between proteins, in a temporal PPI network
interactions between proteins are represent as time-varying edges. This

representation makes it possible to reflect changes in relationships between
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proteins and how these relationships change in response to various events

or conditions (Li et al., 2024).

In order to derive the temporal PPI networks of P. falciparum
mitochondrion and apicoplast, we decided to use the Phasik approach
(Lucas et al., 2023 CRM; Lucas at al., 2023, JOSS) which integrates gene
expression data with a static PPI network allowing the identification of
active subnetworks at different times of a cell cycle. To adapt Phasik
strategy to our data, we developed a novel R implementation of the
procedure that is shown in figure 4.4_1. As in the original Phasik version,
PPI network and a time-series data set (gene expression data Gi x Tz) are
required as input (Figure 4.4_1, panel a), from these we obtained a series of
matrices whose elements represent PPI values at each time point, calculated
as the product Gi x Gj where Gi is the expression value of the gene gi and
Gj the expression value of the gene gj at time Tz, z =1, n. The protein
interactions represented in the form of a matrix (Gi x Gi) at time Tz is also
referred as a snapshot (S5z) of the biological system at that time point (Figure
4.4_1 panel a). Each snapshot Sz can be represented as an array of size Gi x
Gi, enabling the calculation of a correlation matrix (Sz x Sz) (figure 4.4_1
panel b). The matrix is used as an input to perform a hierarchical clustering
(figure 4.4_1, panel c) in which snapshots are grouped according to their
correlation. The clustering can be examined at different correlation values
(R) and results can be visualized, along the original time scale, in a dot
diagram (figure 4.4_1, panel d). This kind of representation allows us to
establish the number of clusters better describing our system. Finally, we
derived and analysed PPI networks corresponding to the final snapshot
clusters. To derive these interactomes we calculated the average of PPI

values for all snapshots in the cluster (figure 4.4_1, panel e).
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Figure 4.4_1: Workflow of Phasik method. a) Time series data are integrated into a static
interactome to derive a temporal network as a series of network layers (snapshots); b) A
correlation matrix (Sz x Sz) that is obtained (represented as a heat-map) is used as input
for hierarchical clustering (Gene Cluster 3.0; Pearson correlation (uncentered), average
linkage) (c). d) Dot diagram represents cluster composition at different R values, in this

representation each snapshot is shown as a dot whose colour represents the cluster to
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which it belongs; e) PPI networks corresponding to the established clusters are derived,

visualised and successively analysed.

To study the evolution of the organelle PPI networks during the
intraerythrocitic life cycle of the parasite, first of all we derived static PPI
networks for both mitochondrion and apicoplast proteins. We generated
lists of 445 mitochondrial and 346 apicoplast proteins according to recent
literature (van Esveld et al., 2021; Boucher et al., 2018). The two lists of
proteins were used to filter the global interactome to obtain static networks

of 350 mitochondrial and 249 apicoplast proteins.

Then, we considered two different sets of time-series data. The first data set
was constructed using data from microarray experiments and cover both
the asexual and sexual stages of P. falciparum. For asexual stages two data
sets are available corresponding to two independent cultures synchronized
using different methods (sorbitol and temperature) (Le Roch, et al. 2003).
These data include gene expression values for early and late rings,
trophozoites, early and late schizonts. For sexual stages a data set is
available and consists of a time course of P. falciparum 3D7 gametocytes
(form day 1 to day 12) (Young et al, 2005). A profile covering the entire
intraerythrocytic cycle was constructed whose gene expression values,
starting from raw data downloaded from PlasmoDB, were normalized and

log?2 transformed according to:
Xi norm = 108'2 (Xi/Xmean)

Where Xi nom is the normalized value calculated for the i-th element of the

expression profile and where Xmean is the mean of values along the profile.

The second time-series data set was constructed from RNAseq data and

concerns the asexual intraerythrocytic stage of the parasite, specifically the
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ring, trophozoite and schizont stages (Kucharski et al., 2020). As described
in the paper P. falciparum 3D7 strain was cultured under controlled
conditions, the parasites were collected every 2 hours for the next 52. Since,
at 52 hours after the invasion by merozoites, there is a high risk of capturing
data from both late-stage schizonts and ring stages, we decided to limit our
analysis to data within the first 46 hours post-invasion, ensuring that the

data reflects predominantly schizont stages for a more precise clustering.

4.4.1 Temporal PPl networks for asexual and sexual P.
falciparum stages

As described in figure 4.4_1, we proceeded with the calculation of dynamic
networks obtaining 12 snapshots whose elements are 350x350 protein-
protein interactions for mitochondrion proteins and 249x249 interactions
for apicoplast proteins at each time-point. The 12 snapshots were
hierarchically clustered (figure 4.4.1_1 panel a) and two distinct clusters of
snapshots can be distinguished for both mitochondrion and apicoplast.
These two groups correspond to asexual and sexual stages as also shown in

the dot diagrams (figure 4.4.1_1 panel b).
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Figure 4.4.1_1: Dynamics of organelle protein-protein interactions based on microarray
data. a) Hierarchical clustering of protein-protein interactions (Cluster 3.0; similarity
metric: Pearson correlation; average linkage). b) The number of clusters at different
threshold values was determined. R values corresponding to each cluster number are

reported. The life cycle stages of P. falciparum are depicted below each cluster diagram.
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We proceeded to calculate the clustered snapshots, corresponding to
interactomes for asexual and sexual stages, as the average of protein-protein
interactions within each groups identified through hierarchical clustering.
Then, to retain only significant interactions a threshold for protein-protein

interaction value at 0.95 was established.

In the case of mitochondrion, the resulting networks comprise 163 nodes
and 614 edges for asexual stage and 348 and 3844 edges for sexual stage. In
the case of apicoplast we obtained an interactome of 137 nodes and 924
edges for asexual stages and an interactome of 248 nodes and 2731 edges
for sexual stages. To compare mitochondrion and apicoplast interactomes,
in asexual and sexual stages, first we performed a functional analysis. To
do this analysis we used protein annotation available at Malaria Parasite

Metabolic Pathways.

Results for mitochondrion networks are shown in figure 4.4.1 2.
Comparison of protein functional analysis for asexual stage and sexual
stage interactomes (figure 4.4.1_2 panel a) shows differences between the
two proteome composition, in particular we observe that in gametocytes
there is an increase of proteins involved in respiratory chain, TCA cycle and
antioxidant defence; this is consistent with recent proteomic studies in
which it was demonstrated that the abundance of cytochrome complex
components and related pathways, strongly increase in gametocytes (Evers
etal., 2021). In order to study topological properties of the two interactomes,
we calculated two centrality measures (closeness and clustering coefficient)
grouping proteins according to their functional categories. Closeness and
clustering coefficient measures were normalized by dividing each value by
the mean of the total network. Results are shown as box plots in figure

4.4.1_2 (panel b and c). We observed that proteins involved in respiratory
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chain do not modify their closeness values comparing interactomes derive
for asexual (panel b) and sexual (panel c) stages, in fact in both cases these
proteins occupy central position in the network. On the other hand, in
gametocyte interactome, clustering coefficient values appear higher and
less dispersed than in the sexual stage interactome, indicating that these
proteins are more strictly connected. Interestingly, also proteins involved in
antioxidant defence and TCA cycle tend to form clusters that are centrally
located in the sexual stage network while in the network of asexual stage

are peripherally positioned and do not cluster.
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Figure 4.4.1_2: Analysis of mitochondrion interactomes. a) functional characterization of
proteins in interactomes obtained for asexual and sexual stages. b) Topological analysis of
asexual stage interactome; c) Topological analysis of sexual stage interactome. Shown at
left are PPI networks, where nodes represent proteins coloured according to their
functional class; boxplots show distributions of centrality properties for protein in each

functional class, dashed lines indicate average values.
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Results of functional analyses for apicoplast interactomes are shown in
tfigure 4.4.1_3. The main differences between asexual and sexual stage PPI
networks regard redox metabolism, carbohydrate metabolism, lipid
metabolism and cofactor biosynthesis, as in the case of interactome derived
for gametoytes the number of the proteins involved in these pathways
strongly increases. In particular, the number of proteins involved in
cofactor biosynthesis in sexual stage interactome is about 50% higher than
in that of asexual stage. Further the centrality analyses show that proteins
involved in these metabolic processes form central clusters in both
interactomes. Although, it is known that apicoplast proteins are involved in
CoA and isoprenoid precursor biosynthesis that are essential for parasite
survival in blood stages (Elahi R & Prigge, 2023), little it is known about
differences in the metabolism regulation between asexual and sexual stages.
Analysis of the apicoplast temporal PPI networks seems to indicate a
different functional role of this organelle during the sexual development of

the parasite and can be used to design future experimental work.
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4.4.2 Temporal PPI networks for asexual P. falciparum stages

As previously mentioned, we utilized an additional gene expression dataset
to gain deeper insights into the asexual stages of the parasite. This dataset
provides, for 348 mitochondrion and 249 apicoplast proteins, a time-course
spanning the entire asexual life cycle, from 2 hours post-invasion (hpi) to 48
hours post-invasion, marking the end of the schizogony phase. Results of

the hierarchical clustering are shown in figure 4.4.2_1.
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Figure 4.4.2_1: Dynamics of organelle protein-protein interactions of asexual cycle. a)
Hierarchical clustering of protein-protein interactions (Cluster 3.0; similarity metric:
Pearson correlation; average linkage). b) The number of clusters at different threshold
values was determined. R values corresponding to each cluster number are reported. The

life cycle stages of P. falciparum are depicted below each cluster diagram.
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In the case of mitochondrion protein-proteins interactions we distinguished
three clusters (R>0.59) for the three principal stages of rings, trophozoites
and schizonts, thus we derived the corresponding three interactomes,
calculating the average values of interactions of the clustered snapshots. To
ensure the inclusion of only significant interactions, we applied a threshold
of 0.1 for protein-protein interaction values in term of Pearson’s correlation.
In the case of mitochondrion, the resulting three networks comprise 127
nodes and 516 edges for the ring stage, 344 and 3825 edges for the
throphozoite stage, and 210 nodes and 2641 edges for schizont stage. In the
case of the apicoplast, we obtained three clusters (R>0.61) corresponding to
ring, trophozoite, including phase transition between trophozoites and
schizonts, and early schizont stage. The three interactomes that we
obtained, calculating the corresponding mean values for protein-protein
interactions of clustered snapshots, result in 54 nodes and 516 edges, 247

nodes and 2676 edges and 174 nodes and 1980 edges.

Results for analyses of mitochondrion networks are shown in figure 4.4.2_2.
Comparative functional analysis of the different interactomes (figure
4.4.2_2 panel a) shows differences between the three proteome composition.
In particular, we noticed that in the first phase of parasite development in
the red blood cell, the activity of protein import and processing is prevalent,
while translation is prevalent in schizonts when the parasite replicate. We
then observed that the number of proteins involved in respiratory chain
increases in the trophozoite stage and particularly during schizogony,
consistent with recent studies revealing that this activity is essential for
survival of both asexual and sexual parasites (Sheokand et al., 2024; Espino-

Sanchez et al, 2023). Results of topological analysis of the three
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interactomes are shown as box plots in figure 4.4.2_2 panel b, c and d.
Interestingly, proteins involved in transport, replication and translation
form central clusters from the earliest phase of the invasion, as well as
components of the respiratory chain, although differences of the number of
proteins. On the other hand, protein participating to TCA cycle form
clusters that are centrally located only in the interactome corresponding to

the last phase of the schizogony.
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Figure 4.4.2_2: Dynamics of mitochondrion asexual stage interactomes. a) functional
characterization of proteins in interactomes obtained for three stages: ring (4-18 hpi),
trophozoites (22-38) hpi and late schizonts (40-44 hpi); b) Topological analysis of ring
interactome; c) Topological analysis of trophozoite interactome. d) Topological analysis of
late schizont interactome. Shown at left are PPI networks, where nodes represent proteins
colored according to their functional class; box-plots show distributions of centrality

properties for protein in each functional class, dashed lines indicate average values.



Results of functional analyses for apicoplast interactomes are shown in
tigure 4.4.2_3. The main differences between the asexual PPI networks
regard several metabolic pathways that are prevalent in the earliest phase
of parasite development suggesting an important role of these activities in
the first hours after invasion. Proteins involved in DNA replication and
protein expression including the post-translational emerge during the late
schizont stage. These observations are confirmed by topological analysis; in
fact in the ring interactome, despite the low number of protein-protein
interactions, proteins involved in the metabolic activities form clusters that
in the case of cofactor biosynthesis are centrally located. These results align
with the phase of replication of the apicoplast genome and subsequent
protein expression in the last phase of schizogony (Mamudu et al., 2024).
Two other categories that appear to become centralized and form numerous
clusters in the final stages of invasion are post-translational modification

and redox metabolism.
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plots show distributions of centrality properties for protein in each functional class and

dashed lines indicate average values.
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Appendix

A.1 A Bayesian approach to data integration for inferring red
blood cell interactome

To predict red blood cell network, we applied the same method that we

applied for P. falciparum (Jansen et al., 2003).

We used two datasets: phylogenetic profiles and gene expression profiles
(for the construction of gene expression data see Methods 3.3). By
comparing each dataset with carefully constructed gold standards (see
Methods 3.4), we derived the corresponding probability scores: Lge for gene
expression data and Lpp for phylogenetic profiling. We then combined these

scores using the approach described by Jansen et al.:
Lg=Lgex Lpp

To compute Lpp, we utilized the phylogenetic profiles available in our
laboratory, these profiles were generated by aligning the 544 protein
sequences identified in the red blood cell proteome (Pasini et al., 2006) with
a reference genome set obtained from the EggNOG database. The reference
set consists of 699 proteomes, including 594 from prokaryotes, 45 from

eukaryotes, and 61 from archaea.

To construct the similarity matrix for phylogenetic profiles, we used the
Pearson correlation. Consequently, we generated a 544 x 544 similarity
matrix for phylogenetic profiles and a similarity matrix of 1405x1405 for the

gene expression data.

To evaluate predictive performance, we conducted a five-fold cross-
validation analysis, comparing both correlation measures against the two
distinct gold standards (one for functional interactions obtained from

KEGG, while the second for physical interactions obtained from STRING).
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The results, presented in Figure A.1_1, indicate that the phylogenetic
profiling method was ineffective in predicting functional protein-protein
interactions (PPIs), as shown by an AUC value of 0.54. However, when
predicting physical PPIs, the method yielded more promising results. For
gene expression profiling, the predictive performance was generally weak,
with AUC values of 0.54 (KEGG) and 0.56 (STRING). Based on these

findings, we opted to use STRING dataset for the calculation of Lpp and Lge.

67



a) Phylogenetic profiling

KEGG STRING

06 +

AUC=0.54+0.05 oz {)/ AUC=0.640.02

0.6 0.8 1 o orz 0‘.41 0"6 0‘.8 1

b)

Gene expression profiling

KEGG STRING

08 +

0.8
06 T
0.6 1

04 1+

0.4 1

AUC=0.56+0.009

AUC=0.54+0.02

0.2 + + + { 0.2 + + + {
02 04 0.6 08 1 02 0.4 0.6 0.8 1

Figure A.1_1: Phylogenetic profiling assessment. The predictive performance of a)
phylogenetic profiling and b) gene expression profiling was assessed by five-fold cross
validation using Pearson correlation and two different gold standard data sets, the first one
is based on the KEGG database to evaluate the performance in predicting functional PPI,
the second data set is based on STRING to evaluate the performance in predicting physical

PPL. AUC mean values and standard deviations are shown for each analysis.
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To proceed with score calculation, we used the same bioinformatics tool on
R platform used for P.falciparum. After a series of quality checks, for each
data set a list of reliable protein pairs was generated. Protein pairs in each
list were grouped binning the corresponding Pearson correlation value. The
protein pairs in each bin were compared to the gold standards TP and TN,
the corresponding TP/FP ratio was calculated and assigned as a score to all
protein pairs in the same bin (Table A.1_1). After, we obtained two lists of
protein pairs with the corresponding scores, these were compared by R

script and for each match of identical protein pairs a global score (Lg = Lge

x Lpp) was calculated.
Phylogenetic profiling Gene expression profiling
bin TP/FP bin TP/FP
-0.5 1.99 -1 1.28
-0.4 1.97 -0.9 1.29
-0.3 1.99 -0.8 1.30
-0.2 1.98 -0.7 1.31
-0.1 1.99 -0.6 1.32
0 2.01 -0.5 1.34
0.1 2.10 -0.4 1.36
0.2 2.43 -0.3 1.37
0.3 2.45 -0.2 1.38
0.4 2.82 -0.1 1.38
0.5 3.36 0 1.40
0.6 4.59 0.1 1.41
0.7 6.10 0.2 1.44
0.8 12.90 0.3 1.45
0.9 20.25 0.4 1.45
1 7.25 0.5 1.47
0.6 1.50
0.7 1.54
0.8 1.60
0.9 1.64
1 1.73

Table A.1_1: The TP/FP ratio was associated to each protein pair in each bin as a score.
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An assessment of the final prediction was performed to establish a
threshold for the score value taking into account both the PPV and the
genome coverage. (figure A.1_2). A Lg value higher than 7 guarantees a
genome coverage higher than 39% and a PP value higher than 0.86
(corresponding to a TP/FP ratio higher then 6.4). This results in a PPI
network of 535 nodes and 45571 edges.
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Figure A.1_2: Assessment of the Bayesian prediction. PPV against genome coverage plot,

dots correspond to Lg scores

A.2 Global interactome Plasmodium falciparum-red blood cell
To predict a possible parasite-host interactome we exploited phylogenetic

profiles. A correlation matrix for parasite-host protein pairs was derived

70



and only pairs of profiles with a correlation higher than 0.5 were retained
This result in a PPI network comprising 1406 proteins (1122 parasite

proteins; 284 red blood cell proteins) and 31761 edges (Figure A_1)

9
E

Figure A_1: Global interactome P.falciparum-red blood cell. In red are represented the

red blood cell proteins, in green P.falciparum proteins.

The graphical representation highlights a modular architecture of the PPI
network. Specifically, it was observed that, in most cases, a limited number
of red blood cell proteins establish multiple connections with various
Plasmodium proteins. Further investigation of the parasite-host interactome
will be performed with the aim to identify possible interactions related to

the interplay between red blood cell and Plasmodium.
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A.3 MixOmics: a first attempt at data integration

mixOmics (Singh et al., 2019) is an R package developed for the analysis and
integration of omics data. mixOmics is designed to address this challenge
by providing tools to integrate and jointly analyze various types of omics
data, reducing the complexity of high-dimensional datasets by projecting
them into a smaller space. mixOmics offers two different frameworks for
data integration: DIABLO and MINT, each integrating data in different
ways. DIABLO is specifically designed for integrating multiple omics
datasets (e.g., transcriptomics, proteomics, metabolomics), whereas MINT

is designed for integrating multiple studies of the same type of data.

DIABLO is tailored for the simultaneous integration of multiple omics
datasets. In this approach, each omics dataset is treated as a block of data,
and the goal is to find components (latent variables) that discriminate
among predefinite categories of data. To test DIABLO, we used two data
sets (gene expression data and phylogenetic profiles) for a limited number
of P.falciparum proteins (345 proteins). The 345 proteins were grouped into
three categories: asexual-specific proteins (as), sexual-specific proteins

(ssd), invasion-related proteins (invasion) (Figure A.3_1).
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Figure A.3_1: Contribution of the genes categories to the components

However, upon testing DIABLO for our data, we observed several
limitations. First, the method primarily aims to identify a minimal set of
discriminative variables that separate groups rather than to fully harmonize
and merge data across omics layers. Moreover, as shown in the Contribution
on the single components plot (Figure A.3_2), the focus remains on selecting a
small number of features that best explain the group separation (e.g., “as,”
“invasion,” and “ssd” outcomes), rather than building a comprehensive
integrated network. This targeted approach is more appropriate for
biomarker discovery or classification tasks in biomedical contexts, where

identifying a few key variables is the goal.
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5. Conclusions

Reconstructing the intricate network of physical and functional interactions
among proteins is an important approach to understand biological systems.
Consequently, mapping interactomes remains a key challenge for both
experimental and computational biology. In recent years, the advent of
high-throughput technologies has generated vast amounts of data. The
quantity and quality of sequenced genomes have improved substantially,
with more complete assemblies and better gene annotations now available,
at the same time, new transcriptomic and proteomic datasets have been
produced. In parallel, computational approaches and new algorithms for

predicting protein-protein interactions (PPIs) emerged.

We utilized a Bayesian approach to infer a novel PPI network for
Plasmodium falciparum aiming at uncovering the biological functions and
interactions occurring at different stages of its lifecycle within the human
bloodstream. Using existing genomic and transcriptomic resources, we
predicted a probabilistic interactome of P. falciparum. We filtered data to
obtain a high-confidence subset of interactions, defined by a true-positive
to false-positive (TP/FP) ratio exceeding 4.8 and encompassing over 88% of

the parasite protein set.

P. falciparum is characterized by different morphological and functional
forms during its complex life cycle. To include this temporal information,
we refined the predicted PPI network by using available proteomic data at
different developmental stages to filter protein interactions. We obtained
three stage-specific PPI networks corresponding to both asexual
(trophozoites, schizonts) and sexual stages (gametocytes). This allowed us
to analyse how protein interactions change as the parasite progresses

through its life cycle, providing insights into stage-dependent biological
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functions. Then, we exploited and integrated information relative to mutant
parasite phenotypes to explore the role of “essential” proteins in the
context. The results revealed that “essential” proteins are characterized by
high centrality values while proteins whose KO is not distinguishable by
wild type parasite occupy a marginal position in the PPI network
architecture. These biologically consistent results open new perspectives on
the prediction of the function of proteins that are still uncharacterized and
could represent a useful tool for future experimental studies. Recognizing
that dynamic interactome models are powerful tools for uncovering
biological complexity, being capable of revealing temporal or context-
specific changes that static models may overlook, we extended our analysis
to explore the network from this perspective. In particular, we focused on
proteins associated with the mitochondrion and apicoplast as they are of
particular interest as potential drug targets because they are specific to the
parasite and are involved in essential biological processes for parasite
survival. By using the Phasik algorithm, we characterized for both
apicoplast and mitochondrial protein temporal interactomes that reflect the
functional changes occurring during parasite development. In particular,
we identified distinct interactomes corresponding to PPI networks for
asexual and sexual stages. We found that in sexual stages, the
mitochondrion PPI network displayed a relevant role of proteins associated
with the respiratory chain, TCA cycle, and antioxidant defence, consistently
with biological evidence. Regarding asexual stages we found different
interactomes for trophoxoite and early and late schizonts with an increasing
central role of proteins involved in energy metabolism (e.g., respiratory
chain and TCA cycle) in late schizonts. The apicoplast interactome also

displayed stage-specific reorganization. During the sexual stages, there was
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a significant increase in proteins linked to redox metabolism, lipid
metabolism and cofactor biosynthesis. These proteins were centrally
positioned, suggesting a critical metabolic role during gametocyte
maturation. In the asexual cycle, early-stage apicoplast networks were
dominated by metabolic activity, while the late schizont stage emphasized
DNA replication, protein expression, and post-translational modifications.
Further research analysis could validate the predicted results and elucidate
regulatory mechanisms governing organelle function during parasite

development.
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