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RESUMEN 
 
 
Trypanosoma cruzi es la causa etiológica de la Enfermedad de Chagas, una de las 
enfermedades más críticas en América Latina y considerada una de las 13 
enfermedades tropicales más desatendidas a nivel mundial. En los últimos años, los 
datos ómicos han aumentado sustancialmente en calidad y cantidad. En particular, los 
de proteómica y transcriptómica se pueden utilizar durante el desarrollo de redes 
biológicas, donde se producen interacciones proteína-proteína (PPI). En el sistema 
parásito-vector-humano de la Enfermedad de Chagas, se producen interacciones 
específicas entre proteínas del parásito (T. cruzi), del vector (Rhodnius prolixus) y del 
humano (Homo sapiens). Este estudio tuvo como objetivo comprender el sistema 
parásito-vector-humano de la enfermedad de Chagas a través del análisis automatizado 
de redes de interacción proteína-proteína. Para ello, se construyó una red PPI basada 
en suposiciones, luego se identificaron los nodos de interés (componentes conectados, 
centralidad, medidas comunitarias y peso de unión entre proteínas) y se realizó un 
análisis de enriquecimiento. En este trabajo se analizaron 101 602 genes, y tras ser 
filtrados y purificados se obtuvieron 985 genes: 501 nodos y 5 796 interacciones. La 
identificación de genes fundamentales, incluidos TNF, IL6 y GADPH, subraya la 
importancia de nodos específicos en la red. Estos genes se destacan como posibles 
objetivos terapéuticos con sus funciones pronunciadas e interacciones sólidas. Su 
participación sugiere contribuciones críticas al panorama molecular de la enfermedad 
de Chagas, ofreciendo información valiosa sobre sus mecanismos de comprensión. 
 
Palabras clave: Trypanosoma cruzi, interacción proteína-proteína, sistema parásito-
vector-humano, objetivos terapéuticos. 
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ABSTRACT 
 
 
Trypanosoma cruzi is the etiological cause of Chagas Disease, one of the most critical 
diseases in Latin America and considered one of the 13 most neglected tropical diseases 
worldwide. In recent years, omics data has increased substantially in quality and 
quantity. In particular, those from proteomics and transcriptomics can be used during the 
development of biological networks, where protein-protein interactions (PPIs) occur. In 
the parasite-vector-human system in Chagas Disease, specific interactions occur 
between proteins of the parasite (T. cruzi), the vector (Rhodnius prolixus), and the human 
(Homo sapiens). This study aimed to understand the parasite-vector-human system of 
Chagas disease through automated analysis of protein-protein interaction networks. To 
do this, a PPI network was built based on assumptions, then the nodes of interest were 
identified (connected components, centrality, community measures, and binding weight 
between proteins), and an enrichment analysis was performed. In this work, 101 602 
genes were analyzed, and after being filtered and purified, 985 genes were obtained: 
501 nodes and 5 796 interactions. Identifying pivotal genes, including TNF, IL6, and 
GADPH, underscores the significance of specific nodes in the network. These genes 
stand out as potential therapeutic targets with their pronounced roles and robust 
interactions. Their involvement suggests critical contributions to the molecular landscape 
of Chagas disease, offering valuable insights into its understanding mechanisms. 
 
Keywords: Trypanosoma cruzi, protein-protein interaction, parasite-vector-human 
system, therapeutic targets. 
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1. INTRODUCTION 
 
 

1.1. Protozoan parasites: genus Trypanosoma 
 
Protozoa are non-photosynthetic organisms included in a subgroup of protists [1]. 

Likewise, on Earth, there are more than 15 000 species of protozoa, of which the most 

medically significant classes are Flagellata (Leishmania, Trypanosoma, Giardia y 

Trichomonas), Infusoria (Balantidium), Sarcodina (Amobea) y Sporozoa (Plasmodium, 

Sarcocystis, Cryptosporidium, Toxoplasma, Babesia e Isospora) (Table 1) [2–6].  

 
Table 1. The main characteristics of Protozoa are of significant medical interest. 
 

Classes of major 
medical 

significance 
Main clades Features Reference 

Flagellata 

Leishmania, 
Trypanosoma, 

Giardia and 
Trichomonas 

Their shape is elongated or 
spherical, move using flagella, 
and reproduction is asexual and 
sexual. It lives in aquatic 
environments, such as lakes, 
rivers, and oceans, or even in 
moist soils and the digestive tracts 
of animals. One of its leading 
representatives is T. cruzi, the 
causative agent of Chagas 
disease. 

[2,5–8] 

Infusoria Balantidium 

Their shape and size vary, but 
they are commonly oval or 
elongated, move using cilia that 
cover their surface, and 
reproduction is asexual and 
sexual. It inhabits aquatic 
environments, especially in 
stagnant water rich in organic 
matter. One of the leading causes 
of diseases of this type is 
Paramecium sp., which can be a 
problem in swimming pools or 
untreated water systems. 
However, it does not usually 
cause diseases in humans. 

[2,3,5,9,10] 

Sarcodina Amoeba 

Their shape is usually amoeboid; 
that is, they have a variable 
shape, move using pseudopodia 
(temporary extensions of the cell 
membrane), and reproduction is 
asexual and sexual. Lives in 
aquatic and terrestrial 
environments, such as humid soil. 
One of the leading causes of 
diseases of this type 
is Entamoeba histolytica; it is the 

[2,3,5,11,12] 
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causative agent of amoebiasis, an 
intestinal disease. 

Sporozoa 

Plasmodium, 
Sarcocystis, 

Cryptosporidium
, Toxoplasma, 
Babesia and 

Isospora 

Their shape is It is spherical or 
elongated in shape, lack typical 
locomotion structures such as 
flagella, cilia, or pseudopodia 
since they are obligate 
intracellular parasites and spend 
their entire life inside the host cell, 
and reproduction is asexual and 
sexual. Being obligate intracellular 
parasites, their habitat is the 
interior of the host organisms. 
One of the leading causes of 
diseases of this type is P. 
falciparum, the causative agent of 
malaria in humans. 

[2,3,5,6,13,14] 

Made by: Francisco Javier Mendoza Proaño.  
 

In this sense, trypanosomes are unicellular, ubiquitous, flagellated organisms that belong 

to the class Kinetoplastea, which is part of the supergroup of the Excavata (parasites 

with a single nucleus, mitochondria, and flagellum with mitochondrial DNA called 

kinetoplast) and to the order Trypanosomatida. Moreover, their development is 

preponderantly limited to a single host species, although some members of this order 

may have more than one host species during their life cycle [3,4,7,8,15–18]. 

 

On the other hand, the family Trypanosomatidae harbors 19 genera, which are 

protozoans and are mostly monoxenous (in some cases, they are also dixenous (syn. 

digenetic) and parasitize different species of animal and plant) (Table 2) [8,19–21]. For 

example, Phytomonas is a dixenous trypanosomatid whose main vectors are 

phytophagous insects, parasitizing mainly plants [20]. In this sense, within this family, 

one of the most recognized genera is Trypanosoma, which infects almost all vertebrate 

classes and is transmitted by different species of reduviid blood-sucking insects, from 

Rhodnius, Triatoma, and Panstrongylus genera [16,17,19,22]. In this regard, some of the 

primary diseases transmitted by these vectors in the Americas are leishmaniasis (caused 

by Leishmania spp.) and Chagas Disease (or American trypanosomiasis, caused by T. 

cruzi) (Figure 1), which primarily affect people from low-income countries in Central and 

South America, and are therefore considered neglected tropical diseases [8,19,23]. 
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Table 2. Genera of the family Trypanosomatidae and its invertebrates host that are currently 
recognized, as modified from [19]. 

 
Genus Invertebrate host Geographic 

distribution 
Referenc

e 

Monoxenous 

Angomononas 

Chrysomya putoria Africa and South 
America [24,25] 

Chrysomya 
megacephala 

America (except 
Canada and Alaska), 
Africa, and southern 
Asia 

[26] 

Lucilia cuprina 

Australia, New 
Zealand Africa, and 
southern North 
America 

[27] 

Ornidia obesa Eastern South 
America  [28] 

Zelus leucogrammus Western South 
America [29] 

Blastocrithidia 
Euschistus servus Central America and 

North America [30] 

Gerris remiges 
(Aquarius remigis) 

Southwestern North 
America [27] 

Blechomonas 

Ceratophyllus spp. Worldwide distribution 
(tropical climates) [31] 

Chaetopsylla spp. Worldwide distribution 
(tropical climates) [32] 

Ctenophthalmus spp. Worldwide distribution 
(tropical climates) [33] 

Ctenocephalides spp. Worldwide (tropical 
climates) [34–36] 

Monopsyllus sciurorum Central Asia [37] 

Nosopsyllus fasciatus Europe [38] 

Nycteridopsylla spp. Worldwide distribution 
(tropical climates) [39] 

Paraceras melis Europe [40] 

Pulex irritans Worldwide distribution 
(tropical climates) [41] 

Crithidia 

Bombus hortorum Europe, North Asia, 
Oceania and America [42] 

Bombus muscorum Europe and Asia [42] 

Bombus terrestris Central and southern 
Europe, North Africa [42] 

Culex spp. 
Southern North 
America and Northern 
South America 

[43] 

Herpetomonas Musca domestica Worldwide distribution 
(tropical climates) [44] 

Kentomonas Sarcophaga  
(sensu lato) sp. 

Worldwide distribution 
(tropical climates) [45] 
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Leptomonas 

Calocorisca altiplana America  [46] 

Camptischium clavipes Central and South 
America [47] 

Collaria oleosa South America [48] 

Dysdercus spp. Worldwide distribution 
(tropical climates) [49] 

Hyalymenus sp. Worldwide distribution 
(tropical climates) [50] 

Jadera aeola aeola Central and South 
America [51] 

Prepops cf. accinctus Central and South 
America [52] 

Lotmaria Apis mellifera Europe, the Middle 
East, and Africa [53] 

Novymonas Niesthrea vincentii South America [54] 

Paratrypanoso
ma Culex pipiens 

North America, 
Europe, West Africa, 
and Central Asia 

[43] 

Sergeia Culicoides festivipennis Western Palaearctic [55,56] 
Culicoides truncorum Western Palaearctic [55] 

Strigonomonas 
Aedes vexans 

North America, 
Southern South 
America, Europe, 
Asia, North Africa, and 
Oceania 

[57] 

Oncopeltus sp. Worldwide distribution 
(tropical climates) [58] 

Wallaceina 

Calocoris sexguttatus Europe [59] 
Nabis brevis Europe, and Asia [60,61] 

Nabis flavomarginatus Europe, Central Asia, 
and North America [60] 

Zelonia 

Simulium (Morops)  
dycei 

Australia, Asia, and 
North America [62,63] 

Ricolla simillima Central and South 
America [46,63] 

Dixenous 

Endotrypanum Phlebotomus spp. 

Worldwide distribution 
(tropical and 
Mediterranean 
climates) 

[64] 

Leishmania 

Forcipomyia  
(Lasiohelea) spp. 

Worldwide distribution 
(tropical climates) [65] 

Lutzomyia spp.   

Phlebotomus spp. 

Worldwide distribution 
(tropical and 
Mediterranean 
climates) 

[64] 

Phytomonas 

Nezara viridula Europe, Asia, Africa, 
and America [66] 

Oncopeltus fasciatus 

Southern North 
America, Northern 
Central America and 
the Caribbean 

[67] 

Phthia picta America and the 
Caribbean [68] 

Porcisia Vector unknown No information 

Trypanosoma 

Glossina spp. Africa [69,70] 

Rhodnius prolixus 
Central America and 
northern South 
America 

[71] 

Triatoma infestans South America [8,72] 
 
Made by: Francisco Javier Mendoza Proaño. 
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Figure 1. The phylogenetic tree of T. cruzi clade, modified from [73,74]. 
Made by: Francisco Javier Mendoza Proaño. 

 

1.2. Neglected Tropical Disease: Chagas Disease 

 
T. cruzi is the causative agent of Chagas Disease, one of the most critical diseases in 

Latin America and considered one of the 13 most neglected tropical diseases in the world 

[17,75–78]. Likewise, according to the World Health Organization (WHO) morbidity 

estimates, it ranks first among parasitic diseases in the Americas [76,78]. 

 

Increasing globalization has introduced this parasite to other continents; however, 

spraying campaigns in rural areas have considerably reduced the population of the 

transmitting insects during the last 25 years, reducing the number of infected people from 

30 to 8 million [21,75–77,79–81]. Between 20 % and 30 % of those infected may develop 

Chagas Disease symptomatically, with the potential to be fatal [78]. These individuals 

may experience cardiomyopathies, digestive mechasyndromes, or both conditions [76].  

 

Likewise, there is a need to generate trypanocidal drugs with greater efficacy, such as 

benznidazole or nifurtimox, which is a safe and effective alternative with a wide range of 

anti-protozoa action [76,82,83]. On the other hand, this disease is considered an 

opportunistic infection in immunocompromised persons, as well as those with human 



 

6 

immunodeficiency virus (HIV) [73,75,76,78,83]. 

 

Chagas disease is a public health problem in Ecuador and many other Latin American 

countries. This disease is endemic in 21 countries, where it affects more than 6 million 

people, and nearly 70 million live in areas exposed to it. Likewise, it is estimated that 30 

000 new cases are generated annually due to all forms of transmission, 12 000 deaths 

on average, and 8 600 newborns who have contracted the disease during pregnancy 

[84–87]. 

 

In Ecuador, from 2013 to Epidemiological Week 50 of 2023, the Epidemiological 

Surveillance Subsystem of the Ministry of Public Health (SIVE-MSP, for its acronym in 

Spanish) records more than 842 confirmed cases of Chagas disease 

[84,85,88,89]. Despite this, in Ecuador, it is difficult to know with certainty the 

epidemiological situation, the repercussions, and the situation regarding the prevention 

and control of this disease. In addition, the provinces with the highest number of cases 

until 2019 were El Oro with 104, Guayas with 64, and Loja with 60 [84]. 

 
1.3. Life cycle and mechanism of action of T. cruzi 

 

T. cruzi has a highly complex life cycle, and more than 100 species of Triatominae 

(Hemiptera: Reduviidae) have been identified that may act as vectors for its 

transmission. These insects are widely distributed throughout Latin America and the 

southern United States, especially in rural areas [75,90]. 

 

The infection cycle begins when an insect (vector) feeds on the blood of an infected 

mammal, ingesting trypomastigotes and amastigotes of the parasite. These are 

transformed into replicative epimastigotes, and after 3 to 4 weeks, the infective meta-

cyclic trypomastigotes are found in the feces of the vector without having divided in its 

hindgut [75,76,91–93]. Wastes contaminated with parasites can be transmitted to a new 

host if there is contact with the new host's oral and nasal mucosal membranes and other 

exposed surfaces [75,94,95]. 

 

There are other ways by which the parasite can enter the host, such as blood 

transfusions. For this reason, methods of screening blood donors for Chagas disease 

have been implemented. However, this form of transmission is less common than that 

mentioned above [75,76,78,93,96]. In addition, the parasite can also be transmitted 

congenitally. According to several studies, carrier pregnant women have a transmission 
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incidence of 1 % and 10 % [75,97–99]. Finally, other transmission forms exist, such as 

ingesting food or beverages contaminated with trypomastigotes, laboratory accidents 

during experiments involving this parasite, and organ transplants [75,76,78,93,100–103]. 

 

This disease is composed of two phases: the acute phase, which lasts 6 to 8 weeks, 

during which many infected patients appear healthy once the disease subsides. 

Standard methods can detect no organ damage during this phase, so diagnosis is based 

on parasitological or serological tests. This is followed by the chronic phase, also known 

as the indeterminate form, in which patients remain indefinitely and may last a lifetime. 

After several years in this phase, approximately 20 % to 35 % of infected patients may 

develop irreversible lesions in the autonomic nervous system of the colon and 

esophagus, and the heart and peripheral nervous system (see figure 2) [76,104–107]. 

 

 
Figure 2. Life cycle and mechanism of action of T. cruzi. The triatomine feeds on the 

host (H), excreting feces that harbor the metacyclic trypomastigotes (A); these 
transform into amastigotes (B). Amastigotes will multiply by binary fission in the 
affected tissue, becoming blood trypomastigotes (C) lyse the cells to enter the 
bloodstream and infect new cells that will transform back into amastigotes (D). 
Blood trypomastigotes will become epimastigotes (E) in the midgut of the vector, 
then multiply (F) and migrate to the rectum to transform into metacyclic 
trypomastigotes (G) and be released with the feces of the triatomine (H). There 
are other reservoirs of mammals, such as armadillos, dogs, raccoons or rats (I). 
Adapted from [108].  

Made by: Francisco Javier Mendoza Proaño. 
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1.4. Host immune regulation in the presence of the pathogen 
  
The interaction of the PVH system will be affected by different physiological responses 

central to the modulation of autophagy, which is a pathway that comprises the 

degradation of macromolecules, cellular structures, and cell death. For the same reason, 

the intracellular infection of the parasite would affect the mobilization of calcium and 

endocytosis of PI3K signaling (activator of tyrosine kinase signals) [109]. On the other 

hand, during the parasite infection, it will be affected by some components of the immune 

system, such as the physical barrier, intestinal barrier, abiotic aspects that intervene in 

the immune response, intestinal microbiota, or survival and adaptation mechanisms of 

the parasite [110].  

 

Therefore, to avoid the aforementioned, T. cruzi, to guarantee its survival inside the host, 

would avoid different physiological processes such as phagolysome, the expression of 

virulence factors, direct immunomodulation, and establishment in sites of latency. For 

example, trypomastigotes evade nucleated cells through different mechanisms, whether 

the target cell is phagocytosed or not phagocytosed. On the other hand, innate effector 

cells such as macrophages (M1) are activated by gamma interferon, increasing the 

expression of nitric oxide synthase and the production of nitric oxide to destroy the 

parasite. However, macrophages can acquire alternative phenotypes (M2) that will 

reduce oxide production, increasing the persistence of T. cruzi. On the other hand, the 

reaction protein crosses C9 of the parasite, allowing it to evade the microbicidal activity 

of macrophages, escaping from the phagolysosome to the cytoplasm, and thus 

promoting the dephosphorylation of the signal transducer and activator of transcription 1 

(STAT1) to interfere the transcription of interleukin 12 (IL12) and tumor necrosis factor 

(TNF), canceling the microbicidal response. Likewise, this parasite is capable of 

stimulating the secretion of anti-inflammatory cytokines (interleukin 10 (IL10) and 

transforming growth factor beta (TGFB)), impairing the protective immune response and 

promoting the expansion of the infection and resistance of the parasite. In addition, it is 

capable of inhibiting the assembly of the C3 and C5 convertase, and the action of the 

AGC10 glycoprotein of the parasite decreases the T cell response during the disease as 

an effect of the negative regulation of interleukin 2 (IL2) [111]. 
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1.5. Protein-Protein Interactions (PPI) and their application in the study of 
diseases 

 

In recent years, omics data has increased substantially in terms of quality and quantity. 

In particular, those from proteomics and transcriptomics can be used during the 

development of biological networks, where protein-protein interactions (PPIs) are the 

most important and studied [112,113]. 

 

The cell is the basic unit of life; it is made up of biomolecules, such as proteins, which 

are large and complex molecules necessary for the structure, function, and regulation of 

different biological processes through complex and organized networks of interactions. 

[114]. These protein interactions are based on the physical binding of 2 or more proteins 

in response to various perturbations, providing considerable adaptability for cells to more 

easily adapt to changing environmental conditions [114–116]. Additionally, some of the 

most used databases to obtain information on the interaction between proteins are 

BioGRID [117], DIP [118], GeneMANIA [119], HMDAD [120], HPIDb [121], HPRD 

[122,123], IMEx [124], InnateDB [125], IntAct [126], MatrixDB [127], MINT [128], MPIDB 

[129], OrthoHPI [130], PHISTO [131], PHI-base [132], PINA [133], Reactome [134] and 

String [135] same ones that provide information about the interaction systems [136,137]. 

 

1.5.1. Parasite-Vector-Human System Interaction Network 
 

The parasite-vector-human system in Chagas Disease, specific interactions occur 

between proteins of the parasite (T. cruzi), vector (R. prolixus) and human (Homo 

sapiens) [71]. They are essential for cell invasion, parasite replication and establishment 

of infection in the host [84–86,138,139]. These play an essential role in the survival and 

transmission of the parasite through the vector, as well as in the adaptation of the 

parasite to the vector's environment. Therefore, they are closely related to parasite 

pathogenicity, host immune response and disease progression [84,85,140,141]. 

 

Finally, understanding the characteristics of PPI in the Parasite-Vector-Human System 

(PVH) is vital to identifying therapeutic targets, developing disease prevention and 

control strategies, and improving the understanding of the molecular mechanisms 

underlying Chagas Disease [142–144]. This analyzes required data interaction such as 

that offered by the Bioinformatics Resources Center (BRC), focused on collecting 

DataSets of eukaryotic pathogens and invertebrate vectors of infectious diseases, such 

as TriTrypDB (https://tritrypdb.org) [145], HostDB (https://hostdb.org) and VEuPathDB 

https://tritrypdb.org/
https://hostdb.org/
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(https://veupathdb.org) [146]. Therefore, future research may provide new perspectives 

for developing more effective therapies and eradicating this disease [142–144]. 

 

Consequently, this study aims to understand the parasite-vector-human system of 

Chagas Disease through an automated analysis of Protein-Protein Interaction networks. 

Firstly, data on interactions between proteins relevant to Chagas Disease in the parasite-

vector-human system were selected. Next, an algorithm was developed using Python 

software to analyze the collected data and construct a PPI representing the parasite-

vector-human system's interactions. Finally, carry out an analysis and evaluation of the 

constructed PPI, identifying the most relevant nodes and links, as well as the properties 

and characteristics of the network. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://veupathdb.org/
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2. METHODS 
 
 

2.1. Data mining and pathogenicity gene screening 
 

Chagas DB (https://chagasdb.tagc.univ-amu.fr/ (Last updated: May 31, 2023) (S1 Table) 

is a repository of manually selected information on molecules significantly related to T. 

cruzi infection from different host species. It includes information on genes, proteins, 

polymorphisms, hormones, or other chemical compounds that show their interaction 

during infection. For this analysis, only human protein data related to the diseases was 

selected; feature data was used from them.  

 

On the other hand, protein data for the parasite (T. cruzi) and its vector (R. prolixus) were 

obtained from [113,135,147] (S1 Table). Once the genes of interest are received, these 

will be extracted through the use of regular expressions (re-library) [148]. Next, they will 

link to the RCSB: PDB page using the Selenium package's navigation drivers (API). 

These variables are then stored in a "TSV" file to filter and purge the protein names into 

a single protein naming format [149]. To do this, the Python v3.11.1 packages [150] will 

be used again to change their name, which was in PDB format [94], to perform UniProt 

and String format to perform the analysis [147]. 

 

2.2. Assumptions for the construction of the PPI of the PVH System 
 

As previously mentioned, the assumptions of the PPIN were based on the criteria used, 

with some modifications (conversion of protein names and generation of the PPI) [151]. 

This will help to evaluate, find, and optimize the search for genes that generate 

pathogenicity with the VPH System, 1) conversion of different protein identifiers present 

in RCSB: PDB (Released: December 26, 2023) [152], UniProt (Released: May,  2023) 

[147] and String v12.0, 2) Transformation of pathogen names into a homogeneous and 

unique format; concerning the String identifier to purge disparities in syntax and 

nomenclatures and 3) Discard duplicate records of the data to avoid redundancies during 

the information search [137]. 

 

 

 

 

 

https://chagasdb.tagc.univ-amu.fr/
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2.3. Construction of the PPI of the PVH System 
 

Once the filtered and purged PVH System data is obtained, it will be linked using the 

String API v12.0 [135,153] in Python v3.11.1 [154,155] to calculate their interactions to 

perform comparisons of the attributes of the PPI network. After this, the collected 

information will be stored in a data frame, and the network will be generated with the 

help of the NetworkX library; the PPI was built as proposed by [156] with some 

modifications [137,154,157] using NCBI-specific taxon identifiers 353153, 13249 and 

9606 for T. cruzi CL Brener/T. cruzi (vector), Reduviidae/R. prolixus (parasite) and 

Human/H. sapiens (host), respectably [135]. Consequently, a graph containing vector, 

parasite, and host proteins was generated.  According to [137], this network has three 

types of edges: 1) host and pathogen, 2) pathogen and vector, and 3) intra-organisms 

interaction. 

 

2.4. Topological Identification of Nodes of Interest for the PPI of the VPH 
System 

 

The topological analysis of complex networks, such as metabolomics or transcriptional 

regulation, will help identify essential nodes related to vital functional activity in 

organisms. They are important when identifying topological features. For this reason, the 

following variables were analyzed: Connectivity (Connected Components, Network 

Diameter, Degree of Nodes, Clustering Coefficient, and Shortest Path between 2 Nodes) 

[158–161], Centrality Measures [162] (Degree Centrality, Closeness Centrality, and 

Betweenness Centrality) [163–165], existing Communities [166] (Girvan-Newman 

[167,168], Louvain [169] and Clauset-Newman-Moore [170]) and Main links between 

Proteins of Interest using the NetworkX package of Python v3. 11.1 

[112,137,156,157,171,172].   

 

Next, this section will define the basic notation measures used throughout the paper for 

connectivity, as they said by [161,173–176]; centrality measures, as mentioned [163], 

with some modifications [165]; and communities, as they mentioned [167–170,177]. Let 

𝐺𝐺 = (𝑉𝑉,𝐸𝐸) be an unweighted undirected network, where 𝑉𝑉 and 𝐸𝐸 are the conglomerates 

of all nodes and edges, respectively, that are present in a network. The following nodes 

represent their cardinality: |𝑉𝑉| = 𝑛𝑛 and set of links (edges) |𝐸𝐸| = 𝑚𝑚. On the other hand, 

let us assume the adjacency matrix (𝐴𝐴) of size 𝑛𝑛 ×𝑚𝑚 in the network G, where the entry 

𝑎𝑎𝑖𝑖𝑖𝑖 indicates whether there is a relationship between nodes 𝑖𝑖 and 𝑗𝑗 if 𝑎𝑎𝑖𝑖𝑖𝑖 = 1; at the same 

time, if 𝑎𝑎𝑖𝑖𝑖𝑖 = 0, there is no relationship. Furthermore, 𝑑𝑑𝑖𝑖𝑖𝑖 is the geodesic distance 
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between both nodes (𝑖𝑖 and 𝑗𝑗) or the shortest path length. 

 

2.4.1. Connectivity of the PPI of the PVH System 
 

A network does not necessarily have to have a single set of connected nodes; most keep 

two or more separate sections disconnected. These will be called components; by 

definition, there is no path between any pair of nodes of the different components. [174].  

 

Likewise, random network theory predicts that a giant component should be observed if 

the average degree of node 𝑘𝑘 is greater than 1. This indicates that the majority of the 

nodes when connected to each other, will form a significant component of the network. 

However, most of these networks do not satisfy the condition 𝑘𝑘 greater than ln𝑁𝑁 , which 

suggests that they tend to divide into isolated groups according to the 𝐺𝐺(𝑁𝑁,𝑝𝑝) model (𝑁𝑁) 

labeled nodes are connected with probability 𝑝𝑝, which considers the probability of 

connection between nodes. Indeed, although some networks show fragmentation, most 

do not exhibit this characteristic, which is consistent with expectations derived from 

random network theory [175]. 

 

2.4.1.1. Network Diameter 
 

The diameter of a network is the length of the "longest and shortest path" that separates 

two nodes. The diameter will always be the longest of the shortest paths between each 

pair of nodes in the network in which there is a path [174,178]. For graph 𝐺𝐺, the Network 

Diameter (𝑁𝑁𝑁𝑁) of any node 𝑢𝑢, 𝑣𝑣 and 𝑑𝑑(𝑢𝑢, 𝑣𝑣) length of the shortest path (minimum number 

of edges) between nodes can be calculated with the following formula [173,174,176]. 

 

𝑁𝑁𝑁𝑁 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑢𝑢,𝑣𝑣𝑑𝑑(𝑢𝑢, 𝑣𝑣)       (1𝑎𝑎) 

 

Nevertheless, denotation is also by the maximum shortest path in the network. In this 

sense, it is the most significant distance recorded between any pair of nodes. 

 

                                                                 𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚          (1𝑏𝑏) 
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2.4.1.2. Degree of Nodes 
 

The Degree of a Node 𝑘𝑘 is a node's number of adjacent links. In other words, the number 

of edges that connect to these. However, if they are undirected networks, the degree of 

this will be the number of interactions with other nodes. [174,178]. For graph 𝐺𝐺, the 

Degree of a Node (𝐿𝐿) of any node 𝑖𝑖𝑡𝑡ℎ can be calculated with the following formula, where 

the 1/2 factor corrects for the fact that in the sum (2.1) each link is counted twice [175].       

 

L =
1
2
�𝑘𝑘𝑖𝑖

𝑁𝑁

𝑖𝑖=1

            (2) 

 
2.4.1.3. Shortest Path Between Nodes 

 

The number of links a node has, also called "steps," refers to the minimum number of 

interactions required between two different proteins (𝑖𝑖, 𝑗𝑗) in a network to connect. Ergo, 

the average distance of all pairs of group nodes is calculated [174,178]. For graph 𝐺𝐺, the 

Shortest Path Between Nodes (𝑑𝑑) of any node 𝑖𝑖, 𝑗𝑗 can be calculated with the following 

formula [175]. 

 

𝑑𝑑(𝑖𝑖, 𝑗𝑗) = �
𝑖𝑖𝑖𝑖 𝑑𝑑𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑗𝑗𝑗𝑗           𝐼𝐼𝐼𝐼 𝑖𝑖𝑖𝑖 𝑎𝑎𝑎𝑎 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛,         (3𝑎𝑎)
𝑖𝑖𝑖𝑖 𝑑𝑑𝑖𝑖𝑖𝑖 ≠ 𝑑𝑑𝑗𝑗𝑗𝑗           𝐼𝐼𝐼𝐼 𝑖𝑖𝑖𝑖 𝑎𝑎𝑎𝑎 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛,         (3𝑏𝑏) 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = 𝑑𝑑: If there is a path of length 𝑑𝑑 between 𝑖𝑖 and 𝑗𝑗, then 𝐴𝐴𝑖𝑖𝑖𝑖 …𝐴𝐴𝑙𝑙𝑙𝑙 = 1 (𝐴𝐴𝑖𝑖𝑖𝑖 …𝐴𝐴𝑙𝑙𝑙𝑙 =

0, otherwise). The number of paths of length 𝑑𝑑 between 𝑖𝑖 and 𝑗𝑗 is: 

 

𝑁𝑁𝑖𝑖𝑖𝑖𝑑𝑑 = 𝐴𝐴𝑖𝑖𝑖𝑖𝑑𝑑               (3𝑐𝑐) 

 

2.4.1.4. Clustering Coefficient 
 

The Clustering Coefficient measures the proportion between links of a node in the i-

neighborhood (interconnectivity of the neighbors of a vertex) fractioned by the number 

of edges that can be had between them [178,179]. The paths with length two are 

counted; the ones that are closed are listed, and the second is divided by the first, 

obtaining a number between 0 and 1 [161,174].  For graph 𝐺𝐺, the Clustering Coefficient 

(𝐶𝐶𝐶𝐶 𝑜𝑜𝑜𝑜 𝐶𝐶𝑖𝑖) of any node 𝑣𝑣 with degree 𝑘𝑘𝑣𝑣 and 𝑛𝑛𝑣𝑣 denotes the number of triangles that go 

through node can be calculated with the following formula [161,174,179]. 



 

15 

 

𝐶𝐶𝐶𝐶(𝑣𝑣) = 𝐶𝐶𝑖𝑖 =
2𝑛𝑛𝑣𝑣

𝑘𝑘𝑣𝑣(𝑘𝑘𝑣𝑣 − 1),    𝐶𝐶𝑊𝑊𝑊𝑊 =
1
𝑛𝑛
�𝐶𝐶𝑖𝑖

𝑛𝑛

𝑖𝑖=1

     (4) 

 
2.4.2. Centrality Measures of the PPI of the PVH System 

 

Centrality Measures allow us to determine proteins (nodes) that are central or that are 

highly connected to others in a network. This will enable us to establish whether these 

nodes play vital roles during the interaction between proteins, understand the topological 

characteristics of the network, or identify molecular targets [164,180]. Whereby, within 

the analysis of the main Node Centrality Measures (Freeman's Centrality Measures), 

there are Degree Centrality, Closeness Centrality, and Betweenness Centrality 

[162,164,172].  
 

2.4.2.1. Degree Centrality 
 

The Degree is the most straightforward Centrality measure in which a node has a union 

with others within the same network that can be represented, where the nodes with a 

high degree of centrality will be those with the most significant number of connections 

and will be called "central to the network" [164,174]. For graph 𝐺𝐺, the Degree Centrality 

(𝐷𝐷𝐷𝐷) of any node 𝑢𝑢 can be calculated with the following formula [163,165]. 

 

𝐷𝐷𝐷𝐷(𝑢𝑢) = |(𝑢𝑢, … , … ) ∈ 𝐸𝐸| 𝑜𝑜𝑜𝑜 𝐷𝐷𝐷𝐷(𝑢𝑢) = � 𝑎𝑎𝑢𝑢,𝑣𝑣
𝑣𝑣 ∈ 𝑉𝑉≠𝑢𝑢

 (5)  

 
2.4.2.2. Closeness centrality 

 

Closeness Centrality is the inverse of remoteness, defined as the average of all the 

shortest distances between nodes 𝑑𝑑(𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 1,𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 2). That is the score of the sum of the 

lengths of time in which information from one node can flow to another node or vice 

versa. For graph 𝐺𝐺, the Closeness Centrality (𝐶𝐶𝐶𝐶) of any node 𝑢𝑢 can be calculated with 

the following formula [163,165,174]. 

 

 𝐶𝐶𝐶𝐶(𝑢𝑢) = �
1

𝑑𝑑(𝑢𝑢, 𝑣𝑣)
𝑣𝑣 ∈ 𝑉𝑉≠𝑣𝑣

                  (6) 
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2.4.2.3. Betweenness centrality 
 

Betweenness Centrality measures the degree or proportion to which a node will interact 

with the information path of a pair of different nodes. Therefore, a node along the shortest 

path between another pair of nodes is more significant than a node with fewer shortest 

paths. For graph 𝐺𝐺, the Closeness Centrality (𝐵𝐵𝐵𝐵) of any node 𝑢𝑢 can be calculated with 

the following formula [163,165,174]. 

 

 𝐵𝐵𝐵𝐵(𝑢𝑢) = �
ℴ𝑖𝑖𝑖𝑖(𝑢𝑢)
ℴ𝑖𝑖𝑖𝑖

                     (7)
𝑖𝑖≠𝑢𝑢≠𝑗𝑗
𝑖𝑖,𝑢𝑢,𝑗𝑗∈𝑉𝑉 

 

 

2.4.3. Communities of the PPI of the PVH System 
 

Communities play essential roles in the understanding of biological processes (e.g., 

coding of biological functions in cellular networks) and knowledge of diseases (e.g., 

proteins that are related to the same disease always tend to interrelate with each other) 

[175].  

 

The detection of communities, sometimes also called "clustering" (it is important not to 

confuse this term with clustering coefficients), is the set of methods that allows finding 

groups of nodes, representing them in substructures of nodes with similar characteristics 

or connection patterns network specific; applying different criteria, e.g., optimization of 

modularity, defined as a number between -0.5 and 1 (modularity (𝑄𝑄) is a measure that 

estimates the quality of a network partition in other communities. Ergo, the greater the 

modularity, the better the structure of the identified communities) [174,175,177].    

 

2.4.3.1. Clauset, Newman and Moore Algorithm (CNM) 
 

This algorithm, also known as Fast Greedy, finds the modularity variation (∆𝑄𝑄) that 

combines the different pairs of resulting communities and chooses the most significant 

modularity gain [170,177]. In other words, at the beginning, it will consider that each node 

is a community and the network is a multigraph, where the community given by a node 

and the values of the adjacency matrix will equal the number of edges between the 

communities. Subsequently, it calculates the change in modularity to find the pairs with 

the highest gain in the community and group them [177]. Accordingly, this algorithm 

focuses on feeding and refreshing the values of the matrix. ∆𝑄𝑄𝑖𝑖𝑖𝑖, containing the most 
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prominent element of each row based on its max-heap it, obtaining; as a result, the 

running time 𝑂𝑂(𝑚𝑚 𝑑𝑑 log𝑛𝑛) [181]; for a network of nodes and edges (𝑛𝑛 and 𝑚𝑚, 

respectively), and 𝑑𝑑~ log𝑛𝑛 (dendrogram depth). Whilst, for sparse networks (𝑚𝑚~𝑛𝑛), the 

running time 𝑂𝑂(𝑛𝑛 log2 𝑛𝑛); which indicates that it is essentially linear [170,177]. For graph 

𝐺𝐺, the community algorithm of any node 𝑖𝑖, 𝑗𝑗 and community 𝑘𝑘 can be calculated with the 

following formulas.  

 

This algorithm has the following steps for each i: 1) Estimate the initial values of ∆𝑄𝑄𝑖𝑖𝑖𝑖 and 

𝑎𝑎𝑖𝑖 using equations 8a and 8b. Next, the most significant element of each row ∆𝑄𝑄𝑖𝑖𝑖𝑖 will be 

completed with the support of the max-heap of the Hamiltonian of the network  (𝐻𝐻), 

grouping the labels 𝑖𝑖, 𝑗𝑗 of each corresponding pair of communities, 2) Choose the largest 

∆𝑄𝑄𝑖𝑖𝑖𝑖 of 𝐻𝐻, then combine the related communities, update the matrix ∆𝑄𝑄,𝐻𝐻, and 𝑎𝑎𝑖𝑖 and 

increase 𝑄𝑄 by ∆𝑄𝑄𝑖𝑖𝑖𝑖, and 3) Repeat the step 2 until you have a single community.  

     

∆𝑄𝑄 = �
1

2𝑚𝑚
−

𝑘𝑘𝑖𝑖𝑘𝑘𝑗𝑗
(2𝑚𝑚)2     𝑖𝑖𝑖𝑖 𝑖𝑖, 𝑗𝑗 𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐, (8𝑎𝑎)

0      𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒,
 

 

and 

𝑎𝑎𝑖𝑖 =
k𝑖𝑖

2𝑚𝑚
 (8𝑏𝑏) 

 

The data structure of the adjacency matrix allows the updates in step 2 to be performed 

quickly, with only the adjustment of a few elements of ∆𝑄𝑄. Likewise, when joining 

communities 𝑖𝑖 and 𝑗𝑗, this combined community will be labeled as 𝑗𝑗 so that only the 𝑗𝑗𝑡𝑡ℎ 

row and column need to be updated, and the 𝑖𝑖𝑡𝑡ℎ row and column were removed entirely. 

Due to the above, the updated rules are now the following: 

 

1) If 𝑘𝑘 is connected to nodes 𝑖𝑖, 𝑗𝑗, then equation 8c is satisfied 

∆𝑄𝑄′𝑗𝑗𝑗𝑗 = ∆𝑄𝑄𝑖𝑖𝑖𝑖 + ∆𝑄𝑄𝑗𝑗𝑗𝑗  (8𝑐𝑐) 

 

2) If 𝑘𝑘 is connected to a 𝑖𝑖, but not to 𝑗𝑗, then equation 8d is satisfied 

∆𝑄𝑄′𝑗𝑗𝑗𝑗 = ∆𝑄𝑄𝑖𝑖𝑖𝑖 − 2𝑎𝑎𝑗𝑗𝑎𝑎𝑘𝑘  (8𝑑𝑑) 

 

3) If 𝑘𝑘 is connected to a 𝑗𝑗, but not to 𝑖𝑖, then equation 8e is satisfied 



 

18 

∆𝑄𝑄′𝑗𝑗𝑗𝑗 = ∆𝑄𝑄𝑗𝑗𝑗𝑗 − 2𝑎𝑎𝑖𝑖𝑎𝑎𝑘𝑘  (8𝑒𝑒) 

 

Update 𝑎𝑎′𝑗𝑗 = 𝑎𝑎𝑗𝑗 + 𝑎𝑎𝑖𝑖  and 𝑎𝑎𝑖𝑖 = 0, it is trivial and will be done constantly [170]. 

 

2.4.3.2. Louvain Algorithm 
 

This algorithm detects large network communities by maximizing modularity; when 

compared to other methods, such as the Girvan-Newman algorithm [167,168] and 

Spinglass algorithm [182], it has a longer calculation time; the limiting factor is the 

Random Access Memory (RAM) of the computer to use since it consumes a lot of this 

[169,177]. 

 

This algorithm is divided into two phases, which will be executed iteratively. During the 

first phase, a different community is assigned to each node in the network. Therefore, 

there are as many community nodes as possible at the beginning. The modularity gain 

will then be calculated to place the nodes in the appropriate communities. That is to say, 

the modularity gains when moving node 𝑖𝑖 to community 𝐶𝐶 can be calculated with the 

following formula. This process will be repeated for all nodes until no further 

improvements can be made to community detection. [169,177]. For graph 𝐺𝐺, community 

algorithm of any node 𝑖𝑖, 𝑗𝑗 and community 𝑘𝑘 can be calculated with the following formula.  

 

∆𝑄𝑄 = �
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�        (9) 

 

Where, Σ𝑖𝑖𝑖𝑖 is the sum of the weights of the edges within 𝐶𝐶, Σ𝑡𝑡𝑡𝑡𝑡𝑡 is the sum of the weights 

of the edges within𝐶𝐶, k𝑖𝑖 is the sum of the weights of the edges incident to the nodes of 

𝑖𝑖, k𝑖𝑖𝑖𝑖 is the sum of the weights of the edges from i to the nodes in 𝐶𝐶, and 𝑚𝑚 is the sum 

of the weights of all edges in the network [169].        

 

The other part of the process is building a network, in which the nodes will be the 

communities detected in the first part of the process. The weights of the edges of the 

new nodes will be given by the sum of the edges that the nodes of the two communities 

have, respectively, making the edges between these nodes of the same community 

result in "automatic loops" in the new network community. Once this stage is completed, 

the first phase of the algorithm will be applied to the network again; this combination of 

processes will be called "pass." These can be iterated until the maximum modularity is 



 

19 

reached, making the algorithm relatively fast (running time: 𝑂𝑂 (𝑛𝑛 log𝑛𝑛)) [169,177]. 

 

2.5. Functional Enrichment Analysis of the PPI of the VPH System 
 

Functional enrichment was performed to identify the most functional pathways and 

processes for the PPI of the PVH system using gene set enrichment analysis using the 

Enrichrpy library [183–186] together with the GO_Biological_Process_2021  gen set 

(Gene Ontology: https://www.informatics.jax.org/vocab/gene_ontology/GO:0008150) 

(latest update from the database December 26, 2023) [187–189] and the GSEApy library 

[190,191] along with the genes sets MSigDB_Hallmark_2020 (Molecular Signatures 

Database: https://www.gsea-msigdb.org/gsea/msigdb/collections.jsp) (released in 

February, 2023) [192] and the KEGG_2021_Human (KEGG PATHWAY database: 

https://www.genome.jp/kegg/pathway.html) (Release 109.0, January 1, 2024) [193], as 

mentioned by [194], with some modifications [137]. This process allowed the recognition 

of statistically significant gene ontologies and enriched pathways. String v12.0 [135] rich 

profiles also can be calculated using the FunRich v3.1.4 tool [137,195,196]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://www.informatics.jax.org/vocab/gene_ontology/GO:0008150
https://www.gsea-msigdb.org/gsea/msigdb/collections.jsp
https://www.genome.jp/kegg/pathway.html
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3. RESULTS   

 

 
Methods for detecting protein complexes have been analyzed and tested mainly in 

yeasts such as Saccharomyces cerevisiae because these organisms have been widely 

studied, and their data are curated. In this case, when evaluating data from H. sapiens, 

there are certain drawbacks since the data for generating Human PPIs mainly have noise 

or the protein complex interaction data size is too large compared to yeast [159]. In this 

work, 101 602 genes were analyzed, and after being filtered and purified, 985 genes 

were obtained: 501 nodes and 5 796 interactions (Figure 3) (S1 Table). 

 

 
Figure 3. Graphic representation of the PPI Network of the PVH System. 

Colors are based on the NCBI-specific taxon identifiers for better 
schematization, 419 nodes in red (taxon identifier: 9606): Human/H. 
sapiens, 53 nodes in green (taxon identifier: 13249): Reduviidae/R. 
prolixus and 29 nodes in blue taxon identifier: 353153): T. cruzi CL 
Brener/T. cruzi. 

Made by: Francisco Javier Mendoza Proaño. 

 

3.1. Connectivity Analysis of the PPI Network of the PVH System 

 

In the connectivity analysis, it is crucial to understand the structure of the PPI network in 

the PVH System of Chagas Disease. This is supported by analyzing the value of the 

degree of connectivity, the diameter of the network, the shortest path between nodes, 

and its clustering coefficients. 

 



 

21 

The analysis of the network diameter of the PPI Network of the PVH System indicates 

that it is partially connected since it has four sets of connected elements (S2 Table). 

Likewise, each of these has its diameter and number of components, which suggests 

that within the leading network, there are independent subnetworks within this set of 

interactions. 

 

The component with the most significant number of elements is Connected Component 

1 (S1_1 Fig), which has a diameter of 5; i.e., the maximum distance between any pair of 

nodes within it is five links. Likewise, this component is significantly enormous, indicating 

a network with good interconnection since it has 417 out of 501 possible. 

 

However, Connected Components 2, 3, and 4 (S1_1, S1_2, S1_3 and S1_4 Fig) have 

smaller diameters but with more compact and less extensive subnetworks. The 

component with the most minor diameter and number of elements, 1 and 2, respectively, 

is Connected Component 2. This indicates that this component has a more isolated 

network than the others and that its interactions will be particular since they are only 

between two proteins. 

 

On the other hand, the other Connected Components, 3 and 4, have a diameter of 5 and 

6, respectively, along with sizes of 29 and 53 elements. These data suggest subnetworks 

of moderate size with indisputable complexity during their interactions with proteins. 

These data highlight the importance of understanding the network's structure at the level 

of its connected components, acquiring a more detailed perspective of the topology and 

functional association of protein interactions in Chagas Disease. 

 

It is essential to remember that there are nodes with high and low connectivity degree 

values. The one with the highest degree of connectivity is the ALB node, which has a 

value of 189 and indicates its central role within the network. This is followed by other 

essential proteins, such as TNF (Tumor Necrosis Factor), IL6 (Interleukin 6), GAPDG 

(Glyceraldehyde-3-Phosphate Dehydrogenase), and IFNG (Interferon Gamma), with a 

connectivity degree of 188, 186, 139, and 137, respectively. These grade values are 

significantly high, highlighting their level of participation during protein interactions 

related to Chagas Disease and its pathogenesis. 
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Figure 4. The degree distribution of the nodes in the graph indicates the 

existence of different interactions with high and low values. Nodes with 
high values will act as “huns” since they connect with multiple proteins. 
The pattern in the image indicates a non-uniform degree distribution 
with a particular upward bias in nodes with a high number of 
connections, e.g., the nodes ALB, TNF, IL6, GAPDH, or IFNG. 

Made by: Francisco Javier Mendoza Proaño. 

 

On the other hand, it is also vital to point out that there were nodes with low connectivity 

degree values. Among them, we can mention ZBTB43 (Zinc Finger and BTB Domain 

Containing 43), REG1A (Regenerating Family Member 1 Alpha), LGALS7B (Galectin 

7B), PDZD4 (PDZ Domain Containing 4), and KEL (Kell Metallo-Endopeptidase), all with 

a value of degree 1. This highlights that the pre-theoretical diversity of the network is 

high, in addition to the fact that these peripheral non-nodes and their roles are more 

specific during the infection and cellular regularization processes of Chagas Disease (S3 

Table) (Figure 4 and 5). 
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Figure 5. Graphic representation of the Degree Value of Nodes of PPI 

Network of the PVH System. 
Made by: Francisco Javier Mendoza Proaño. 

 
The analysis of the shortest paths is closely related to the connected components (S4 

Table) and the network's diameter since only the elements that make up the different 

sets or communities of the network can be related. For this reason, the maximum number 

of paths will equal the network's diameter or subnetwork, depending on the case to be 

analyzed. 

 

In the case of the nodes coming from T. cruzi, as an example, the path between Pyr4 

(Orotidine 5'-phosphate decarboxylase) and Q4E4A8_TRYCC (Mismatch repair protein 

MSH6, putative) (pyr4 -> Q4D6I5_TRYCC -> Q4CQQ9_TRYCC -> Q4DPB9_TRYCC -

> Q4D365_TRYCC -> Q4DBN2_TRYCC -> Q4E4A8_TRYCC), has a network diameter 

of 6, or the path of the nodes T1I0P5_RHOPR (Uncharacterized protein) and 

T1HPM3_RHOPR (Potassium channel tetramerisation-type BTB domain-containing 

protein) of the organism R. prolixus, whose path (T1I0P5_RHOPR -> R4G5E5_RHOPR 

-> T1HFL6_RHOPR -> R4G5K0_RHOPR -> R4FPL4_RHOPR -> T1HPM3_RHOPR) 

has a diameter of 5. Both indicate a chain of connections of various proteins. Therefore, 

they may be closely related to relevant metabolic interactions in the context of Chagas 

Disease. 

 

Likewise, the shortest paths, such as that of the KRT15 (Keratin, type I cytoskeletal 15) 

and MAST2 (Microtubule-associated serine/threonine-protein kinase 2) nodes (KRT15 -

> KRT14 -> VIM -> CFTR -> SLC9A3R1 -> MAST2) both from H. sapiens, reveal more 

specific protein associations since they may have connections of functional or signaling 

relevance of both nodes with their pathway proteins. Therefore, they would provide 
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relevant information on cellular pathways that could be involved in the disease. 

 

Finally, it is worth mentioning the previously mentioned protein pathway, whose value 

degree was considerably high: MYH14 (Myosin-14) and IL6; MYH14 -> MYL2 -> ALB -> 

IL6, MSH4 (MutS protein homolog 4), and TNF pathway; path MSH4 -> MSH2 -> CCNB1 

-> TNF and KRT2 (Keratin, type II cuticular Hb2) and ALB; path KRT2 -> KRT9 -> KRT14 

-> ALB. As can be seen, all the mentioned roads have a diameter of 3, indicating their 

highly significant participation in dense communities. 

 

Nodes with significant clustering coefficients were identified, among which 

T1HQF3_RHOPR (Ribosome production factor 2 homolog) stands out; 

T1HZK0_RHOPR (Uncharacterized protein); T1I0P5_RHOPR (Uncharacterized protein) 

and T1I2X8_RHOPR (Uncharacterized protein) (R. prolixus-associated proteins), 

Q4E4A8_TRYCC; Q4DIZ8_TRYCC (SH3 domain protein, putative); Q4DBA9_TRYCC 

(ATP-dependent RNA helicase) and Q4CUH4_TRYCC (SH3 domain-containing protein) 

(proteins associated with T. cruzi) and MTCP1 (Protein p13 MTCP-1); MUC16 (Mucin-

16), MYH14, KIAA1217 (Sickle tail protein homolog), and HBA2 ( 
Hemoglobin subunit alpha-2) (H. sapiens-associated proteins). 

 

All the nodes above exhibit maximum clustering coefficients, i.e., 1, indicating that they 

are fully integrated into dense groups of neighboring nodes (Figure 6). Therefore, this 

agglomeration alludes to the fact that these can form or be related to protein complexes 

specific to certain metabolic pathways. However, there are also other nodes, such as 

GMDS (GDP-mannose 4,6-dehydratase), GSTA4 (glutathione S-transferase alpha 4), 

and KEL, whose clustering coefficient is 0. Therefore, this suggests a need for more 

dense local connections. With a minimum clustering coefficient, these nodes have a 

more peripheral role, acting more on more specific or isolated cellular functions (S5 

Table). 

 

On the contrary, the nodes with good value degree ALB, TNF, GAPDG, IL6, and IFNG 

obtained the following clustering coefficients: 0,1665; 0,1792; 0, 1781; 0, 1834 and 

0,2653; correspondingly. This indicates that nodes like IFNG participate more 

significantly in dense communities than IL6 and GAPDH. On the other hand, the TNF 

node has a clustering coefficient similar to IL6 and GAPDH, indicating a similar network 

structure, although with slightly less cohesion than the others mentioned. Finally, ALB, 

having the lowest coefficient, tends to form less dense connections with an external role 

during the molecular interaction. 
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Figure 6. Graphic representation of the Clustering Coefficients of PPI 

Network of the PVH System. 
Made by: Francisco Javier Mendoza Proaño. 

 
3.2. Centrality Measures of the PPI Network of the PVH System 

 

The centrality measures serve as indicators of relevant nodes in a network with the aim 

of better understanding its topology and dynamics. In other words, it shows specific 

nodes' roles during protein interaction. The most common centralities measures are 

degree centrality, closeness centrality, and betweenness centrality (S6 Table).   

 

The first aspect analyzed in the study's exploration of network centrality measures is 

Degree Centrality (Figure 7). This measure identifies the importance of nodes in a 

network based on their connectivity. Nodes with notably high degree centrality values, 

such as ALB, TNF, IL6, GAPDH, and IFNG, play significant roles in the disease's 

pathogenesis. Conversely, MAN1B1 (mannosidase, alpha, class 1B, member 1), SLIRP 

(SRA Stem-Loop Interacting RNA Binding Protein), RNF115 (Ring Finger Protein 115), 

R4G5D9_RHOPR (putative 14-3-3-like protein), and Q4DI29_TRYCC (superoxide 

dismutase) have the lowest degree centrality values, indicating their biased intervention 

in Protein-Protein Interactions (PPIs). The variation in degree centrality values reflects 

the diverse functional roles of these proteins within the PPI network, highlighting the 

existence of subnetworks or available modules. 
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Figure 7. Graphic representation of the Degree Centrality of PPI 

Network of the PVH System. 
Made by: Francisco Javier Mendoza Proaño. 

 

Moving on to Closeness Centrality (Figure 8), this measure emphasizes nodes with 

significant proximity to others in the network. Nodes like ALB, TNF, IL6, GAPDH, TGFB1 

(Transforming growth factor beta-1 proprotein), and IFNG are centrally located, 

facilitating shorter paths for communication with other proteins. In contrast, nodes like 

KEL and PDZD4 are more distant, requiring longer paths for information exchange. 

Notably, central nodes for the parasite and vector are identified, underscoring their 

crucial roles in data transmission within the PPIs. 

 

 
Figure 8. Graphic representation of the Closeness Centrality of PPI 

Network of the PVH System. 
Made by: Francisco Javier Mendoza Proaño. 

 

Betweenness Centrality analysis unveils proteins like ALB, GAPDH, and TNF as pivotal 

in information propagation between nodes (Figure 9). Their importance in metabolic 

pathways and potential roles as links between network modules are highlighted. 
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Conversely, KEL and PDZD4 nodes play a marginal role in communication routes. 

Specific proteins, such as Q4DNM5_TRYCC, Q4CL66_TRYCC, Q4E0X8_TRYCC, 

T1HFL6_RHOPR, R4G5E5_RHOPR, and T1HS28_RHOPR, are exemplified for their 

betweenness centrality values, providing insights into their biological processes in 

organisms. 

 

 
Figure 9. Graphic representation of the Betweenness Centrality of PPI 

Network of the PVH System. 
Made by: Francisco Javier Mendoza Proaño. 

 

3.3. Communities of the PPI Network of the PVH System 

 

The Clauset-Newman-Moore (CNM) algorithm was employed to examine network 

structures. Seven communities emerged, each comprising various nodes, shedding light 

on the intricate organization, interconnections, and subnetworks formed by multiple 

nodes within biological contexts (Figure 10a). Community 1, housing 176 nodes, 

prominently features IL6, TNF, and ALB. This association suggests a significant link 

between biological processes related to the immune response and homeostasis in 

Chagas Disease, marking its importance for multifunctionality and central positioning in 

the PPI network. Conversely, communities 2 and 3, with 127 and 102 nodes, 

respectively, indicate subsets with greater specialization in protein interactions. 

Communities 4 and 5, associated with the parasite (53 nodes) and vector (29 nodes), 

provide crucial insights into these organisms' specific interactions, highlighting the 

parasite-vector-human interaction's biological complexity. Community 7, comprising only 

two nodes (KEL and PDZF4), notably signifies a more detailed and limited interaction 

within the PVH System (S7 Table). 
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The Louvain algorithm was also applied, revealing a more complex modular network 

structure with ten communities (Figure 10b). Communities 2 and 8, each with 114 nodes, 

and community 7, with 113 nodes, showcase greater complexity, protein diversity, and 

metabolic signal exchange. Community 2, akin to CNM community 1, features IL6 and 

TNF, emphasizing its relevance in the immune response and inflammation regulation in 

Chagas Disease. Community 4 (45 nodes) includes ALB, a node with high betweenness 

centrality, suggesting its role as a mediator in fundamental metabolic interactions due to 

its central positioning in the PPI network. Communities 11 and 5, with 2 and 14 nodes, 

respectively, represent more specialized subsets focused on identifying and 

understanding cellular regulatory signals within the PPI network. Finally, communities 

related to the vector and parasites (1, 3, 6, 9, and 10) offer insights into specific 

interactions concerning Chagas Disease, underscoring the network's modularity and 

highlighting the PVH System's high variability and biological complexity (S8 Table). 

 

 
 
Figure 10. Graphic representation of the Communities of PPI Network of the PVH 

System., a) communities of CGM algorithm and b) Louvain algorithm. 
Made by: Francisco Javier Mendoza Proaño. 

 

3.4. Edges weight present in the Nodes of the PPI Network of the PVH System 
 

The interaction levels and total amount of weight between the links give a quantifying 

perspective of the cohesion and strength of the PPI network (S9 Table). There were 5 

796 interactions in this context, and the total weight was 3 770,39 (Figure 11). For the 

same reason, quantifying the energy of the edges (edge weights) indicates a robust, 

complex, and high-density network. 

 

By dividing the network into its connected components, it was obtained that component 

1 has the highest number of interactions and total weight between edges, 5 405 and 3 

427,86, respectively (S2_1 Fig). These values indicate its importance in the global 

a 

b 
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network and that this component houses the vast majority of interactions and bond 

energy when compared to components 2, 3, and 4 (S2_1, S2_2, S2_3 and S2_4 Fig). 

Component 2 comprises a single interaction with an energy of 0,428, which is not 

insignificant and indicates a strong interaction despite its lack of connectivity. While 

components 3 and 4 have moderate interaction and energy levels proportional to the 

amount of components they have. These values indicate the specialty of these subnets. 

 

 
Figure 11. Graphic representation of the edge weight of the PPI 

Network of the PVH System. 
Made by: Francisco Javier Mendoza Proaño. 

 
On the other hand, the links with the highest level of interaction weight between the pairs 

of nodes were TNFRSF1A-TNF (TNF receptor superfamily member 1A), TNFRSF1A-

TNFRSF1B (TNF receptor type 1-associated DEATH domain protein and TNF receptor-

associated factor 2), HSPA5-PDIA3 (Transmembrane protein 132A and Protein 

disulfide-isomerase A3), SERPINE1-PLAT (Plasminogen activator inhibitor 1 and 

Phospholipase A and acyltransferase), and GAPDH-ALDOA (Fructose-bisphosphate 

aldolase A) all with 0,999; this value indicates that there is little interaction stable and 

weak between proteins, thermodynamically unfavorable. In contrast, the following node 

pairs have the worst interaction weight levels of the PPI network: HSP90AA1-CCL2 

(Heat shock protein HSP 90-alpha and C-C motif chemokine 2), SERPINE1-DHFR 

(Dihydrofolate reductase), PARP1-TGFB1 (Poly [ADP-ribose] polymerase 1 and 

Transforming growth factor beta-1 proprotein), CCL4-IL12A (C-C motif chemokine 4 and 

I nterleukin-12 subunit alpha), and IL1RN-ADIPOQ (Interleukin-1 receptor antagonist 

protein and Adiponectin receptor protein 2) all with 0,4, indicating a strong affinity and 

stability, thermodynamically favorable (S9 Table). 
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3.5. Enrichment analysis of the PPI Network of the PVH System 

 

In functional enrichment analysis, Enrichrpy provided insights into biologically relevant 

terms associated with the central nodes of the Protein-Protein Interaction (PPI) network 

in the PVH System. The cytokine-mediated signaling pathway (GO:0019221) emerged 

as a critical process (p-value: 1,78E-39, combined score: 655,39), involving genes like 

CSF3, IL1RN, CD40 (Tumor necrosis factor receptor superfamily member 5), and TNF. 

These genes are linked to immune signaling processes and cytokine responses, aligning 

with the inflammation nature observed during human parasite infection. The cellular 

response to cytokine stimulus (GO:0071345) also played a significant role (p-value: 

8,43E-31, combined score: 491,60), involving the same central genes and indicating their 

interconnected parts in immune response signaling pathways (S10 Table). 

 

Moreover, positive regulation of intracellular signal transduction (GO:1902533, p-value: 

1,11E-23, combined score: 293,26) highlighted genes TNF, PIK3CG 

(Phosphatidylinositol 4,5-bisphosphate 3-kinase catalytic subunit gamma isoform), and 

AKT2 (RAC-beta serine/threonine-protein kinase), regulating intracellular signaling 

processes. Positive regulation of the multicellular organismal function (GO:0051240, p-

value: 8,73E-20, combined score: 277,15) involved genes TNF, FGF2 (Fibroblast growth 

factor 2), IL10 (Interleukin-10), and TGFB1 (Transforming growth factor beta-1 

proprotein), suggesting their role in regulating broader biological processes. Lastly, 

platelet degranulation (GO:0002576, p-value: 5,53E-18, combined score: 448,09) 

emerged as a potential signaling mechanism during inflammatory responses and blood 

coagulation. 

 

Moving to GSEApy, complement and coagulation cascade pathways stood out with 

significant gene involvement (adjusted p-value: 4,87E-23 and 6,03E-23, respectively) 

(S11 Table). Notable genes in these pathways include SERPINA1 (Alpha-1-antitrypsin), 

ITGAM (Integrin subunit alpha M), SERPINE1, C1R (Complement C1r subcomponent), 

and PLAT. The allograft rejection pathway (adjusted p-value: 1,71E-21) involves genes 

CD40, TNF, and IL12B, indicating their role in immune signaling during graft rejection. 

Apoptosis (adjusted p-value: 6,53E-15) is associated with FASLG (Fas ligand), TNF, and 

CASP1 (Caspase-1), suggesting activation in the presence of infection processes, 

leading to cellular senescence. The myogenesis pathway (adjusted p-value: 2,54E-14) 

involves FGF2 and AKT2, indicating their role in regulating cellular functions and muscle 

regeneration. 

 



 

31 

4. DISCUSSION 
 
 

4.1. Connectivity Nodes of the PPI Network of the PVH System 

 

The identified connected components vary in diameter, suggesting the presence of 

independent subnetworks with different levels of complexity and extension [197]. 

Proteins within a PPI network often form complexes, and the concept of subnetworks 

aligns with the idea of protein complexes [198]. In the study, the analysis of connected 

components highlights the existence of subnetworks with distinct diameters and sizes. 

This modular organization reflects the potential presence of functionally related proteins 

within these subnetworks, resembling the idea of protein complexes [197]. 

 

The network's diameter, shortest paths, and clustering coefficients provide valuable 

insights into the interconnectedness of proteins. The study underscores the importance 

of understanding both highly connected proteins, such as ALB, TNF, IL6, GAPDG, and 

IFNG, and those with low connectivity, like ZBTB43, REG1A, LGALS7B, PDZD4, and 

KEL. This diversity emphasizes the network's complexity, with highly connected nodes 

playing central roles in the interaction network. In contrast, peripheral nodes contribute 

to specific functions during Chagas Disease infection and cellular regulation processes 

[158,159,197]. 

 

The concept of subnetworks aligns with the idea that proteins within complexes tend to 

interact with each other [198]. The study's findings resonate with previous research that 

utilizes network analysis to identify protein complexes based on topological features. 

However, challenges in predicting protein-protein interactions (PPI) directly from 

detected complexes are acknowledged, given potential issues with multiple subnetworks 

within complex and flexible interactions within independent subnetworks [164,198]. 

 

In studies such as [199], dynamic PPI networks were built, which used time series as the 

primary approach, which revealed the existence of subnetworks with different diameters. 

Therefore, these networks have temporal aspects, indicating a dynamic nature of the 

interactions between proteins at other times. These approaches are crucial in 

understanding the temporal dynamics of protein interactions during a disease. 

 

The analysis of connected components and network properties presented in the Chagas 

Disease study provides valuable information for understanding the structure and 
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organization of the PPI network [113,166,197]. However, the discussion also highlights 

the complexities and challenges associated with predicting PPI solely based on detected 

protein complexes, emphasizing the need for a nuanced approach considering 

subnetworks and dynamic aspects in future studies [198]. 

 

4.2. Centrality Measures of the PPI Network of the PVH System 
 

The analysis of centrality measures in the Protein-Protein Interaction (PPI) network of 

the PVH System sheds light on the crucial nodes and their roles in Chagas Disease. 

Degree Centrality identifies proteins with high connectivity, such as ALB, TNF, IL6, 

GAPDH, and IFNG, emphasizing their significance in the disease's pathogenesis. On 

the other hand, proteins like MAN1B1, SLIRP, RNF115, R4G5D9_RHOPR, and 

Q4DI29_TRYCC with low degree centrality values suggest a more specific or limited role 

in PPIs. 

 

Closeness Centrality highlights the proximity of nodes within the network, with central 

nodes like ALB, TNF, IL6, GAPDH, TGFB1, and IFNG playing crucial roles in facilitating 

shorter paths for communication. The graphical representation in Figure 7 visualizes this 

centrality measure, emphasizing the central positioning of critical nodes. 

 

The analysis of Betweenness Centrality identifies proteins like ALB, GAPDH, and TNF 

as pivotal in information propagation between nodes, potentially acting as links between 

different network modules. The discussion on the biological processes of specific 

proteins, such as Q4DNM5_TRYCC, Q4CL66_TRYCC, Q4E0X8_TRYCC, 

T1HFL6_RHOPR, R4G5E5_RHOPR, and T1HS28_RHOPR, provides insights into their 

roles in organisms. 

 

The connectivity and protein interaction centrality values play a vital role in the flow of 

intraspecies interactions in the network, such as central proteins to many paths in the 

network (bottlenecks) or highly connected proteins (hubs). Likewise, central proteins 

have managed to attract the attention of researchers in recent years for their role in 

mediating cellular processes and their therapeutic potential [200]. 

 

Linking this information to the discussion on comorbid migraine and epilepsy, the 

centrality measures offer a perspective on the importance of specific proteins in complex 

diseases [197]. The central nodes identified, particularly ALB, play diverse roles, 

including potential connections to neurological processes [201]. 
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ALB, a serum albumin, is highlighted for its essential role in maintaining colloid osmotic 

pressure and as a carrier for various compounds, including drugs. Its unique properties 

make it an attractive carrier for therapeutically active compounds. The discussion on the 

pharmacokinetics of serum albumins across species emphasizes the importance of 

understanding these differences for effective drug development [202]. 

 

Furthermore, the association between disease severity, albumin nadir, and rates of 

recurrent Clostridioides difficile infection (RCDC) is explored, suggesting that albumin 

nadir reflects disease severity. This information is valuable in understanding the clinical 

implications of albumin levels in disease progression [202,203]. 

 

The study on glicodendrimers and their therapeutic potential in chronic lymphocytic 

leukemia (CLL) illustrates the promising results of these compounds in inducing 

apoptosis in CLL cells without adverse effects on other blood components. This offers a 

glimpse into potential therapeutic strategies for CLL treatment [204]. 

 

4.3. Communities of the PPI Network of the PVH System 

 

The CNM algorithm identified seven communities, revealing the complex subnetworks 

formed by various nodes within biological contexts. Community 1, characterized by 

nodes like IL6, TNF, and ALB, highlighted the significance of immune response and 

homeostasis in Chagas Disease. Communities 2 and 3 indicated subsets with greater 

specialization, while communities 4 and 5 focused on the parasite and vector, offering 

insights into their specific interactions. Community 7, with only two nodes (KEL and 

PDZF4), signified a more detailed and limited exchange within the PVH System. 

 

Similarly, the Louvain algorithm revealed a more complex modular network structure with 

ten communities. Communities 2 and 8, along with community 7, showcased greater 

complexity, protein diversity, and metabolic signal exchange. Community 2, akin to CNM 

community 1, emphasized the relevance of IL6 and TNF in the immune response and 

inflammation regulation. Community 4, featuring ALB with high betweenness centrality, 

suggested its role as a mediator in fundamental metabolic interactions. 

 

Linking this information to the discussion, the study presented a comprehensive 

exploration of community detection methods based on modularization, including the 

CNM algorithm [170]. The research addressed computational challenges, providing a 

high-performance toolkit for community detection in terms of runtime and memory usage. 
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Applying these methods to large-scale real networks demonstrated results consistent 

with the existing literature, emphasizing their appropriateness in contexts requiring 

immediate responses [197,205]. 

 

The study's limitations were acknowledged, pointing to potential future research 

directions [197]. The qualitative evaluation based on scholarly behaviors in the 

information retrieval (IR) field was noted, and the need for quantitative assessment 

across different domains and datasets was highlighted. The dynamic nature of 

communities and topics in social networks was discussed, emphasizing the importance 

of considering temporal aspects in community detection approaches [206]. 

 

Furthermore, the discussion compared the Louvain algorithm with the newly introduced 

Leiden algorithm. The Leiden algorithm addressed the shortcomings of the Louvain 

algorithm by providing guarantees of connected communities and local optimality in 

iterative applications. The experimental analysis convincingly demonstrated the superior 

scalability and accuracy of the Leiden algorithm over the Louvain algorithm [206–208]. 

 

4.4. Edges weight present in the Nodes of the PPI Network of the PVH System 
 

The protein-protein interaction (PPI) network analysis results in the PVH System reveal 

a robust and complex network with 5 796 interactions, indicating high density and 

cohesion. The division into connected components highlights the centrality of component 

1, with 5 405 interactions and 3 427,86 weight, emphasizing its global importance. 

Specific interactions, such as TNFRSF1A-TNF, exhibit weak stability, while HSP90AA1-

CCL2 shows strong affinity. Figure 11 visualizes the edge weight in the subnetwork, 

indicating the proteins with the most impact during a perturbation in the system. In this 

case, the protein score range is from 0.1 to 0.999 (S9 Table) [209]. 

 

For example, some studies use gene expression data from the PPI network to assign a 

weight to each interaction in the network, which allows the construction of a weighted 

network, considering the importance of the centrality proteins and the weight of each 

node or edge [200,210]. Others focus on identifying protein complexes through methods 

such as edge weight and core binding structure (EWCA), demonstrating its effectiveness 

and accuracy compared to other complex identification methods in PPI networks [211]. 

On the other hand, some algorithms, such as Markov clustering, in conjunction with gene 

expression analysis, identify protein interaction complexes in networks and demonstrate 

improvements in the precision and F-measure of the model [212]. These studies 
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contribute to advancing the understanding of the identification of protein complexes using 

the edge weight of interactions. 

 

4.5. Enrichment Analysis of the PPI Network of the PVH System 

 

Enrichrpy and GSEApy analyses revealed significant pathways and biological terms 

linked to immune signaling, cytokine responses, and inflammation. The identified central 

genes such as CSF3, IL1RN, CD40, TNF, PIK3CG, AKT2, FGF2, IL10, and TGFB1 play 

crucial roles in these processes. Likewise, the introduction of MTGO as a novel method 

for identifying functional modules in PPI networks provided a robust approach. The 

method's reliance on GO term attribution and topological measures ensured 

comprehensive coverage and overlap in the specified modules. MTGO's capability to 

detect significant GO terms and its superior performance in GO-related processes 

compared to other algorithms emphasized its effectiveness in accelerating PPI network 

analysis [112,213]. 

 

Likewise, protein-protein interaction studies indicate that biological functions with 

significant enrichments harbor critical processes for better cellular functioning, such as 

the cell surface receptor signaling pathway, stimulus-response, cell death, immune 

response defense, gene expression, the apoptotic process, T cell co-stimulation, cell-

leukocyte cell adhesion, among others. Furthermore, the centrality-corrected minimal 

dominant set (CC-MDS) proteins with the highest significance around GO terms are 

aging genes, disease-associated genes, virus-targeting genes, transcription factors, and 

protein kinases [214].  

 

On the other hand, studies identifying essential genes in neglected tropical diseases 

caused by L. major, such as that of [215] , analyzed the enrichment of the PPI network 

using the Database for Annotation, Visualization, and Integrated Discovery (DAVID) in 

set with GO annotations and KEGG paths and finding that the most significant GO terms 

were DNA replication (GO:0006260) and proton transport coupled to ATP hydrolysis 

(GO:0015991). 

 

Likewise, other studies using StringDB functional analysis identified that the KEGG 

pathways most enriched in the case of interactions between Plasmodium and human 

proteins (malaria pathway) were the endocytosis pathway, ubiquitin-mediated 

proteolysis, the focal adhesion pathway, the regulation of the actin cytoskeleton pathway, 

and the bacterial invasion pathway of epithelial cells and the spliceosome. Furthermore, 
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they demonstrated that PFA0310c and FKBP35 are vital in linking proteins involved in 

malaria pathways [216].  Another study identified relevant patterns of interactions 

between dengue virus (DENV) and its two hosts, H. sapiens and the insect vector Aedes 

aegypti, finding that many proteins have functions related to GO terms, such as RNA 

processing, transcription, or regulation of the stress response, blood coagulation and 

hemostasis [217]. 

 

In the context of Chagas disease, exploring KIR genes, cytokines, and genetic factors 

has revealed their significant roles in infection susceptibility, disease progression, and 

the immune response. The study underscored the importance of genetic polymorphisms 

in cytokine genes in influencing disease outcomes. The comprehensive analysis of 

cytokines such as IL-10, IFN-γ, IL-6, IL-4, and TGF-β in the context of Chagas disease 

provided valuable insights into their roles in modulating immune responses and 

contributing to disease pathogenesis [218]. 

 

The analysis of genetic factors and cytokine interactions in Chagas disease 

demonstrated the complexity of the host-parasite interaction and its impact on disease 

outcomes. The potential of using PPI networks to explore the genetics of complex 

diseases, providing a framework for understanding the interplay between multiple genes 

and their contributions to disease complexity [178,218]. 

 

Studies such as that of  [178] indicate the integration of T. cruzi minicircle DNA in the 

genome of patients with Chagas disease. This shows a unique perspective on its 

pathogenesis, relating it to genetic alterations with autoimmune reactions against cardiac 

tissues. For this reason, the construction of PPI networks and the analysis of topological 

centrality in different diseases caused by parasites highlighted the interactions between 

differentially expressed genes. [166]. 
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5. CONCLUSIONS 
  

 

In conclusion, exploring the Chagas Disease parasite-vector-human system through 

automated PPI analysis has yielded insightful perspectives. Our investigation focused 

on elucidating the connectivity, centrality measures, communities, weight considerations, 

and enrichment aspects within the intricate web of protein interactions. 

 

Identifying pivotal genes, including TNF, IL6, and GADPH, underscores the significance 

of specific nodes in the network. With their pronounced roles and robust interactions, 

these genes stand out as potential targets for further research and therapeutic 

interventions. Their involvement suggests critical contributions to the molecular 

landscape of Chagas disease, offering valuable insights for understanding disease 

mechanisms. 

 

Analyzing connectivity, centralities, and communities has revealed the complex interplay 

within the PPI. Shortest path analyses complemented other centrality measures, 

providing a holistic view of protein interactions in the context of Chagas disease. 

Furthermore, the variability in degree centralities offers detailed insights into the 

functional diversity of proteins, which is essential for understanding underlying biological 

complexity. 

 

The combination of centrality measures, including degree, clustering coefficient, and 

closeness, facilitates a comprehensive understanding of the protein network's topology 

and dynamics associated with Chagas Disease. Our quantitative analysis of 

betweenness centrality delves into the network's topology, identifying key nodes and 

providing valuable information for understanding protein-protein interaction dynamics. 
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6. FUTURE PERSPECTIVE 
 

 

The analysis of the PPI network of the PVH system in Chagas disease faces significant 

challenges around obtaining data on the interactome of T. cruzi and R. prolixus, which 

manifest during the disease. This and the need to update the organizations' databases 

above make generating a robust and solid network challenging. Despite this, more data 

is expected to be obtained to develop more effective and promising PPI networks. 

 

For this, it is expected that advances in bioinformatics and molecular biology techniques 

will allow more protein interactions to be identified. In addition, they are developing 

methodologies with higher sensitivity and specific indices, where data from different 

databases are better related, and the generation of universal taxon and protein identifiers 

(PDB) would improve the quality and coverage of the interactome of these organisms. 

 

In this sense, the analysis of PPI networks could provide indispensable information on 

the molecular mechanisms underlying the pathogenesis of Chagas disease. Likewise, 

by investigating the topology of the interaction networks, it would be possible to identify 

critical nodes (interest) and key routes that regulate different processes, such as 

signaling and response to cytokine stimulus, positive regulation of intracellular signal 

transduction, positive regulation of the multicellular organismal function, platelet 

degranulation, role in immune signaling during graft rejection, suggesting activation in 

the presence of infection processes, leading to cellular senescence or regulating cellular 

functions and muscle regeneration of the vector in humans. 

 

For this reason, studying the structural properties and dynamics of the proteins with the 

most significant participation in the network could indicate potential molecular targets for 

treating Chagas disease. Due to those above, essential genes such as IL6, TNF, and 

ALB stand out in node connectivity analyses, centrality measures, community analysis, 

edge weight, or enrichment analysis. They may be targets when generating 

pharmacological strategies to combat T. cruzi infection and reduce its harmful effects in 

humans. 
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SUPPORTING INFORMATION 
 

 

In the following link, there is a repository with the main tables and figures of the research:  

https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/tree/JaviMendo

za9-patch-1/PPI_PVH 

 

S1 Fig. Graphic representation of the PPI Subnetwork of the PVH System.  

• S1_1 Fig. Diameter and Nodes of Connected Component 1: 5 and 417 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/Ja

viMendoza9-patch-

1/PPI_PVH/Results/Connectivity_Analysis/S3_1_Figure.png) 

• S1_2 Fig. Diameter and Nodes of Connected Component 2: 1 and 2 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/Ja

viMendoza9-patch-

1/PPI_PVH/Results/Connectivity_Analysis/S3_2_Figure.png) 

• S1_3 Fig. Diameter and Nodes of Connected Component 3: 5 and 29 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/Ja

viMendoza9-patch-

1/PPI_PVH/Results/Connectivity_Analysis/S3_3_Figure.png) 

• S1_4 Fig. Diameter and Nodes of Connected Component 4: 6 and 53 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/Ja

viMendoza9-patch-

1/PPI_PVH/Results/Connectivity_Analysis/S3_4_Figure.png) 

 

S2 Fig. Graphic representation of the edge weight of the PPI Subnetwork of the PVH 

System.  

• S2_1 Fig. Interaction level in component 1: 5405; Total amount of weight in 

component 1: 3427.8640000000028 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/Ja

viMendoza9-patch-1/PPI_PVH/Results/Proteins/S12_1_Figure.png) 

• S2_2 Fig. Interaction level in component 2: 1; Total amount of weight in 

component 2: 0.428 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/Ja

viMendoza9-patch-1/PPI_PVH/Results/Proteins/S12_2_Figure.png) 

https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/tree/JaviMendoza9-patch-1/PPI_PVH
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/tree/JaviMendoza9-patch-1/PPI_PVH
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_1_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_1_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_1_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_2_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_2_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_2_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_3_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_3_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_3_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_4_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_4_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_4_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Proteins/S12_1_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Proteins/S12_1_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Proteins/S12_2_Figure.png
https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMendoza9-patch-1/PPI_PVH/Results/Proteins/S12_2_Figure.png


 

 
 

• S2_3 Fig. Interaction level in component 3: 122; Total amount of weight in 

component 3: 113.70700000000004 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/Ja

viMendoza9-patch-1/PPI_PVH/Results/Proteins/S12_3_Figure.png) 

• S2_4 Fig. Interaction level in component 4: 268; Total amount of weight in 

component 4: 228.39200000000017 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/Ja

viMendoza9-patch-1/PPI_PVH/Results/Proteins/S12_4_Figure.png) 

 

S1 Table. PVH System PPI Network Interactions 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend

oza9-patch-1/PPI_PVH/Results/S3_Table.xlsx) 

 

S2 Table. Components connected to the PPI network of the PVH System 
(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend

oza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S3_Table.tsv) 

 

S3 Table.  Degree Value top to bottom of the PPI network of the PVH System 
(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend

oza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S4_Table.xlsx) 

  

S4 Table. Shortest path of the PPI network of the PVH System 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend

oza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S5_Table.xlsx) 

 

S5 Table. Clustering coefficients of the PPI network of the PVH System 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend

oza9-patch-1/PPI_PVH/Results/Connectivity_Analysis/S6_Table.xlsx) 

 

S6 Table. Centrality measures of the PPI network of the PVH System 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend

oza9-patch-1/PPI_PVH/Results/Centrality_Measures/S7_Table.xlsx) 

 

S7 Table.  CNM communities of the PPI network of the PVH System  

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend
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oza9-patch-1/PPI_PVH/Results/Community_Detection/S8_Table.xlsx) 

 

S8 Table. Louvain communities of the PPI network of the PVH System 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend

oza9-patch-1/PPI_PVH/Results/Community_Detection/S9_Table.xlsx) 

 

S9 Table. Edges weight of the PPI network of the PVH System 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend

oza9-patch-1/PPI_PVH/Results/Proteins/S10_Table.xlsx) 

 

S10 Table. Enrichrpy of the PPI network of the PVH System 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend

oza9-patch-1/PPI_PVH/Results/Functional_Enrichment/S10_Table.xlsx) 

 

S11 Table. GSEApy of the PPI network of the PVH System 

(https://github.com/JaviMendoza9/PPI_Network_of_the_PVH_Systeam/blob/JaviMend

oza9-patch-1/PPI_PVH/Results/Functional_Enrichment/S11_Table_human.xlsx) 
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