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ARTICLE INFO ABSTRACT

Keywords: Plasmodium falciparum is responsible for the malaria disease causing a significant number of
Gene FO'eXPreSSion networks deaths around the globe. Integrative biology (genome, transcriptome, cell biology) and host
Malaria interaction of Plasmodium spp have been applied for decades to find solutions to fight against the
Plasmodium falciparum

malaria parasite. As an eukaryotic parasite, P. falciparum tightens protein activity with the
ubiquitin-proteasome system (UPS) that regulates several crucial processes. In fact, the UPS
pathway involves a three-step chain reaction catalyzed by enzymes categorized into three distinct
groups: E1, E2, and E3. The identification of triples, composed of one enzyme from each group,
that work collaboratively in the same chain reaction during the intraerythrocytic developmental
cycle (IDC) in P. falciparum is of paramount importance, given the incomplete understanding of
this phenomenon. To address this critical problem, we propose a novel approach: a Gene Co-
expression Network (GCN) model for the systematic ranking of gene triples (E1, E2, E3). This
model offers an innovative means of identifying triples that are most likely to operate collectively
within the same biological process. Subsequently, we applied this model to analyze seven tem-
poral RNA-Seq transcriptome datasets each representing distinct experimental conditions and
temporal stages during the IDC in P. falciparum. Remarkably, our model has pinpointed three
triples (E1, E2, E3) that potentially function together during the IDC across all seven datasets.
Notably, these triplets consistently exhibit similar gene expression profiles across all seven
datasets. This robust consistency underscores their resilience to variations in experimental con-
texts. Such findings are particularly significant given the marked divergence observed in gene
expression profiles across the seven RNA-seq datasets.
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1. Introduction

Plasmodium parasites are the causative agent of malaria disease, which is still a major public health problem. The World Health
Organization estimated 627.000 deaths caused by malaria infection in 2021 [1]. Six species of Plasmodium are able to infect humans,
among them Plasmodium falciparum is responsible for the most severe form of the disease and the most number of deaths caused by
malaria [1]. The malaria parasite P. falciparum possesses a complex life cycle with sexual development in the mosquito vector
Anopheles and asexual development in the human host hepatocytes and erythrocytes [2]. Inside the host, the parasite develops
synchronously within the parasite population and in coordination with the host rhythms. This synchronization triggers the simulta-
neous rupture of the infected red blood cells (RBCs), releasing thousands of invasive merozoites and other metabolites produced by
parasites [3]. The synchrony of the intraerythrocytic developmental cycle (IDC) is responsible for the clinical symptoms of malaria
disease, characterized by fever episodes every 48 h caused by the coordinated rupture of infected RBCs. Intriguingly, this synchrony—a
hallmark of in vivo parasite biology— is lost when the parasite is cultured in vitro, indicating that a host cue is essential for the
synchronous development of the parasite [3].

Although RTS,S/AS01, a recently approved malaria vaccine, showed some good results in children [4], its efficacy ebbed with time,
and so did not fulfill the requirements of the Malaria Vaccine Technology Roadmap [5-7]. Artemisinin in combination with other
drugs is used as the first line of defense for controlling malaria. Now it is very alarming that artemisinin-resistant parasites have been
reported in Southeast Asian countries [8-10]. In areas showing resistance against associated drug partners, up to about 50 % failure in
treatment is now reported, and the increasing resistance of malaria parasites against artemisinins puts additional selection stress on the
fewer existing partner drugs [11,12]. In reaction to this imminent crisis, the highest body, MMV (Medicines for Malaria Venture), has
emphasized the development of novel antimalarial therapies to diminish the rise of resistance as well as to induce the eradication
agenda. Indeed, access to the genome and transcriptome data of the Plasmodium ubiquitination proteasome system (UPS) can facilitate
the discovery of novel drug targets, as it is considered a high-priority target due to its active role throughout the life cycle [13-18].

Ubiquitin (Ub) is a highly conserved 76-amino-acid protein across eukaryotes. Ubiquitination is the process by which ubiquitin is
added to the target proteins to control their cellular levels via proteasome-mediated proteolysis or to regulate their functions through
proteasome-independent reactions. Ubiquitin-like proteins (Ubl), another group of proteins structurally related to ubiquitin, share
significant similarity to the ubiquitin fold [19]. The ubiquitination cascade begins with activation: Ub/Ubl is activated by E1 (ubiqg-
uitin-activating enzyme). This step involves the formation of a thioester bond between the E1 catalytic cysteine residue and Ub/Ubl,
accompanied by the release of AMP. Next, in the conjugation phase, the activated Ub/Ubl is transferred via transacylation reaction to
E2 (ubiquitin-conjugating enzyme). Finally, ligation is mediated by E3 (ubiquitin ligase), which facilitates the transfer of Ub/Ubl from
E2 to the target protein substrate. This step assures the formation of an isopeptide bond between the glycine residue of Ub/Ubl and the
lysine residue on the substrate protein. Such reactions are represented in Fig. 1.

E3 ligases are categorized into three major classes—HECT, RBR/Ubox and RING— based on their structural domains and
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Fig. 1. Schematic diagram of the Ubiquitin Proteasome System (UPS). Players like E1, E2, E3, and DUB catalyze sequential reactions to accomplish
ubiquitination. Ubiquitin-activating enzymes (E1) are employed to activate ubiquitin. Then activated ubiquitin is transferred to ubiquitin-
conjugating enzymes (E2), and then carried to the target proteins with the assistance of ubiquitin ligases (E3). Two categories of E3 are HECT
and RING. Ubiquitin is directly transferred to protein by RING, while in the second case, ubiquitin is first transferred to HECT E3 and then to the
target substrate. Repeated cycles of this reaction convert monoubiquitinated protein into polyubiquitinated protein which may act as a signal for
protein degradation by the 26S or modulate various functions depending on the position of the lysine residue bonded to the polyubiquitin chain.
Deubiquitination enzymes (DUB) play their role in the recycling of ubiquitin. Figure created using BioRender (https://www.biorender.com/).
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mechanisms of ubiquitin transfer to substrates. In RING and RBR/U-box E3 ligases, ubiquitin is directly transferred to the target
substrate. In contrast, HECT E3 ligases first form a thioester intermediate with ubiquitin before transferring it to the target protein
[20-22]. RING E3 ligases exist in two forms: single polypeptide chain enzymes and multi-subunit complexes (e.g., Cullin ligases),
which utilizes F-box proteins to recognize substrates.

The RING class is the largest among E3 ligases, characterized by a conserved core domain containing histidine and cysteine residues
that enhance protein-protein interactions [23]. Two predicted RING domains (RING 1 and RING2) are present in RBR/U-box and are
separated by another domain named in-between-RING domain. If only one ubiquitin is attached to the target protein, then it’s called
monoubiquitination, and if more than one ubiquitin moiety is added in a subsequent way then it is known as polyubiquitination. This
monoubiquitinated/polyubiquitinated substrate protein is ultimately degraded by 26S proteasome. E3 ligases play a crucial role in the
ubiquitination of specific proteins, facilitating selective degradation. For reversing the effect of E3 ligases, there are specific proteases
called deubiquitinating enzymes (DUB). DUB targets the carbonyl group of substrate-Ub isopeptide bond via a nucleophilic attack.
DUB facilitates stopping protein degradation or reversal of signaling, or ubiquitin recycling for its homeostasis, as shown in Fig. 1.
There are five major classes of DUB; aspartic, serine, metallo, cysteine, and threonine proteases, based on amino acid residues involved
in catalytic activity [24]. Any functional abnormality of UPS proteins may result in the deterioration of cellular homeostasis and cause
numerous disorders like neurodegenerative diseases, cardiovascular diseases, systematic auto-immunity and malignancies [25-28].

Based on the ubiquitin pathway biological function, we aim to identify triples of genes (E1, E2, E3) that likely collaborate in the
same chain reaction during the IDC of P. falciparum. More precisely, we need to solve an optimization problem: locating triples of genes
(E1, E2, E3) that maximize a specific score, serving as an indicator of their collaborative functionality. By ranking these triples based on
this score, we can identify the most promising candidates for further investigation. Our first task is to establish a reliable metric for
detecting genes that work together. We operate under the assumption that genes exhibiting co-expression likely participate in the same
biological processes [29-31]. In line with this hypothesis, gene expression correlation serves as a suitable metric to recognize genes
with collaborative roles.

Our objective in this study is to develop a Gene Co-expression Network (GCN) model to identify specific E1, E2, and E3 genes within
the UPS that are likely to collaborate during the IDC of P. falciparum. By focusing on these enzymes, which function sequentially in the
ubiquitination process, we aim to uncover potential interactions that could be exploited for therapeutic purposes.

While our GCN model is general and adaptable to other pathways and organisms, we concentrate on the UPS of P. falciparum in this
work due to its biological significance and potential as a drug target. Additionally, we present an example involving tubulin genes to
demonstrate that our software predictions are effective and to emphasize the importance of the experimental context from which the
RNA-seq data were obtained. Our study is strictly in silico, utilizing publicly available RNA-seq datasets to analyze gene expression
patterns. Experimental validation is beyond the scope of this research but it is an important future direction.

2. Material and methods
2.1. Choosing genes of interest

Before applying the model proposed in this work (see Section 2.2), we needed to define a set of genes of interest and gather relevant
information already available on them. For our particular case study of the UPS of P. falciparum, we focused on the E1, E2, and E3
groups. On October 18, 2021, we accessed PlasmoDB [32] to obtain RNA-seq datasets spanning the IDC of P. falciparum. PlasmoDB is a
biological/bioinformatics database that provides access to data related to the genome, transcriptome, and proteome of Plasmodium
species.

To achieve this goal, relevant keywords for UPS components were searched on the PlasmoDB website to retrieve transcriptome
datasets containing information about UPS genes being expressed during IDC. PlasmoDB not only helped identify UPS genes but also
provided access to information such as their chromosomal location, cellular localization, predicted function, and most importantly
expression pattern during IDC. Later, this information was used to classify genes into different groups E1, E2 and E3. We identified 8
genes from E1, 15 from E2 and 54 from E3. This classification, along with the gene expression datasets and all other information
collected about these genes, is available in Table SI of Supplementary Material.

2.2. Gene Co-expression network model

Our proposed model is a weighted graph G = (V, E), where V is the set of vertices, each representing a gene of interest. V is
composed of disjoint sets, which represent the groups of genes of interest— in our particular case E1, E2 and E3. Thus, we establish V=
E1UE2UE3;E1 NE2=@; E1INE3=@and E2NE3 =g@.

The set of edges E is defined as all pairs of vertices from the disjoint sets, meaning (,1)) € E V x # y, where x and y denote the
subsets to which v belongs, in our case E1, E2 and E3, and i and j are indices for the elements inside the subsets, i.e., genes from E1, E2
and E3.

For each edge, there is an associated weight w, defined by a function w: E — [—1,1] € R. Biologically, this weight evaluates the
likelihood that the genes are working together in the same chain reaction. Following the main hypothesis of this model, this weight is
measured using a correlation metric. In particular, we adopt the Pearson correlation r between each pair of vertices from different
groups. This approach allows us to identify combinations with the highest degree of co-expression.

It is essential to note that the correlation between genes from the same group is not calculated; edges exist only between elements
from different disjoint sets since we are searching for genes from different groups that might be working in the same UPS pathway. In
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fact, our model takes the cartesian product of the groups to consider all possible combinations using one gene from each group,
generating a 3-partite graph, as shown in Fig. 2. Importantly, our model operates at the gene expression level, and any inference about
protein or enzyme interactions is based on the hypothesis that co-expressed genes likely participate in the same biological processes
[29-31].

To use the Pearson correlation r, we assume that the gene expression profiles are approximately normally distributed and that there
is a linear relationship between gene expressions [33]. We used the pearsonr function from SciPy version 1.13.1 [34] to compute r and
its associated p-value. This function calculates the p-value based on the exact distribution of the Pearson correlation coefficient be-
tween x and y under the null hypothesis of zero correlation, assuming that the data are normally distributed and that x and y are
independent [34]. This method provides an exact p-value under these assumptions, as detailed in the referenced documentation. All
data analyses were conducted using Python version 3.10.12. Data manipulation and statistical computations were performed with
NumPy version 1.26.4 [35] and Pandas version 2.2.1 [36]. Visualizations were generated using Matplotlib version 3.7.1 [37] and
Seaborn version 0.13.1 [38]. The source code is available on github (https://github.com/LyangHiga/gcn_p_falciparum_heliyon).

Before building the model, we applied some preprocessing steps as detailed in Section 2.3. These operations help to normalize the
data, making the gene expression values approximately normally distributed. Therefore, the assumptions underlying the Pearson
correlation coefficient and its p-value calculation are reasonably satisfied in our analysis.

For each gene triple, consisting of three gene pairs (E1-E2, E1-E3, and E2-E3), we obtained three p-values. Since these p-values are
dependent, we cannot use methods that assume independence, such as Fisher’s or Stouffer’s methods [39], to combine them into a
single p-value for the entire triple. Thus we use an adaptation of Brown’s method [40], which is essentially an expansion of Fisher’s
method that includes a correction factor to handle dependent p-values, allowing us to combine them more accurately [40].

2.2.1. Score

We have defined the correlation between pairs of genes as a measure of genes probably working collaboratively, but we still have to
define how to create a ranking to classify the best candidates, the ones with the highest probability of working in the same chain
reaction. To do that we just use the sum of the weight of the edges as a score. In other words, each combination, or maximal clique, i.e.,
a cycle path containing exactly one vertex from each group, in graph G, represents a possible reaction. The paths with the highest sum
of correlations are considered to have the biggest chance of being a reaction chain that happens in practice. Such a sum can be
expressed as r(vl-l,vjz) + r(V2vR) + r(vi,v)), where r is the Pearson correlation function and v}, vjz, v} are the genes indexed by i, j and k
from E1, E2 and E3 groups, respectively. We can convert this score to a probability, a real number in [0,1], by normalizing the score.

2.2.2. Optional parameters

Our model also accepts two optional parameters, t and . The first one is a threshold corresponding to the Pearson correlation’s
minimum value, leading to an edge in the graph. For example, using t = 0 leads to only edges with positive values while all negative
values are discarded. The default value is t = —1, where all possible pairs have an edge. In its turn, the § parameter works like in the
WGCNA package [41], where all edge values will be powered to this $ value, which means r(v1,v2)’, where r is the Pearson Correlation
function, v; and v, are the expression of two given genes. This parameter is useful because for § > 1 it creates a kind of penalty for
smaller values, since a small number in the range [0,1] will decay more than a greater value in the same range when powered to a § >

E3(54)

Fig. 2. Illustration of a hypothetical tripartite graph involving E1, E2, and E3 genes derived by the proposed model, with red and blue edges
indicating negative and positive correlations, respectively.
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2.3. Applying the proposed model for ranking genes of interest

To implement our proposed model, we developed a comprehensive pipeline, as depicted in Fig. 3. To ensure the model’s robustness,
we evaluated its performance using several distinct RNA-seq datasets obtained from various studies as described in Table 1. All these
experiments included at least two biological replicates, and the original authors reported that the high consistency between replicates
demonstrates the reproducibility of the RNA-seq data [42-48]. These datasets are accessible in the supplementary materials and
encompass the expression profiles of the selected 77 genes during the IDC of P. falciparum. The datasets were normalized for
sequencing depth by the original authors using the methods specified in Table 1. In our analyses, we used the expression values from
the first replicate of each dataset to maintain consistency; however, our pipeline allows users to utilize the average expression across
replicates or apply other methods of combining replicate data, depending on their preferences and analytical goals.

Notably, the gene expression values in these datasets vary widely in scale. To facilitate comparative analysis and model building,
we performed preprocessing steps. First, we applied a logs transformation to all datasets followed by a standardization by subtracting
each gene expression value from the average expression of the corresponding gene and then dividing by its standard deviation (z-
score). This preprocessing strategy homogenizes the expression signals onto a common scale, a crucial step for constructing our model.
This is particularly valuable as our model relies on calculating pairwise correlations between gene expression values, emphasizing the
patterns of expression rather than their absolute magnitudes.

Another important observation to note is the time scale in hours in all datasets, while reactions within the UPS pathway typically
occur within the order of seconds [49]. Due to this substantial disparity in temporal scales, it is reasonable to consider the reactions as
happening simultaneously. As a consequence, it is plausible that genes from E1 and E3, which work in the same chain reaction, should
be highly co-expressed at the same time. We have |E1| x |E2| x |E3| = 8 x 15 x 54 = 6480 combinations, thereby yielding 6480
positions within our ranking, or 6480 possible reactions, that can be generated using a threshold value of t = —1, resulting in the
creation of all possible edges, as exemplified in Fig. 2. However, our focus is exclusively on capturing positive correlations. As a result,
we use t =0 and p =1, a selection that exclusively permits positive edges within the network; following this approach in the Broadbent
dataset, for example, resulted in 928 triples.

We also subjected these resultant triples to three filtering criteria: (1) a minimum score greater than a threshold value (which varies
for each dataset); (2) a p-value smaller than 0.05, to guarantee statistical significance; and (3) a requirement that the genes involved
are expressed within the same cellular location. We obtained the cellular location information from PlasmoDB, and it is available in
Table SI of the Supplementary Material. The thresholds for both the score and the p-value are parameters that can be adjusted ac-
cording to user preference, while the requirement for the same cellular location is fixed. We chose to use a p-value cutoff of 0.05, as it is
the standard threshold for statistical significance; however, our software allows users to select different p-value thresholds based on
their desired level of stringency. Users seeking more stringent results can choose a smaller p-value, whereas those who are more
flexible about statistical significance can opt for a larger value. To further refine our results, we chose the minimum score that yields

Preprocessing Gene :
) ) Filter by groups
Normalized Gene (Log, and z-score) expression yaroup Groups of

expression — dataset Interest
dataset transformed l l (EINE2HES)

Calculate Score = Gene Gene expression dataset
Co-expfession — transformed for genes of
Network Correlation inter-groups interest (E1, E2, E3)
(Pearson Correlation)

Ranking — Best Candidates — Robust triples

Filtering (Score > threshold (For this dataset)  pest candidates intersection
P-value < O.QS for all datasets;
Cellular location) Check gene expression profile

for all datasets.

Fig. 3. Pipeline Overview. The values indicated in parentheses correspond to the parameters utilized in this specific study. The pipeline begins by
selecting one RNA-seq dataset (from the seven experiments), which was normalized for sequencing depth by the original authors using the methods
specified in Table 1. This entire pipeline is performed for all datasets independently. Pre-processing includes a log, transformation followed by a
standardization using z-scores. Next, we construct the proposed Gene Co-expression Network (GCN) model targeting the genes of interest (E1, E2,
E3). Using the resultant network, we calculate Pearson correlation for each edge and assign these values as edge weights. These edge weights form
the foundation for ranking gene triples. To identify the best candidate triples, we apply three filtering criteria. Subsequently, we search for similar
triples across the top candidates from all seven datasets and assess whether they exhibit analogous gene expression profiles. Triples that consistently
exhibit high scores and stable gene expression patterns across experiments are termed “robust”.
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Table 1

This table provides an overview of the RNA-seq datasets, including the name of each dataset, the number of time points, the exact time points (in
hours post-infection) used to generate our model, the normalization method, and the corresponding references for each dataset. All datasets included
at least two biological replicates, with Wichers et al., 2019 [45] including three replicates.

RNA-seq Number of time Time Points (hpi) Normalization Ref.
points Method

Otto et al., 2010 7 Every 8h from Oh to 48h. TPM [42]

Broadbent et al., 9 [6h, 14h, 20h, 24h, 32h, 36h, 40h, 44h, 48h] FPKM [43]
2015

Toenhake et al., 8 Every 5h from 5h to 40h TPM [44]
2018

Wichers et al., 8 [Oh, 8h, 16h, 24h, 32h, 40h, 44h, 48h] TPM [45]
2019

Subudhi et al., 25 Every 2 h from Oh to 48h. TPM [46]
2020

Chappell et al., 7 Every 8h from Oh to 48h TPM [47]
2020

Kucharski et al., 24 [4h, 6h, 8h, 10h, 12h, 14h, 16h, 18h, 22h, 24h, 26h, 28h, 30h, 32h, 34h, 36h, 38h, TPM [48]
2020 40h, 42h, 44h, 46h, 48h, 50h, 52h]

the top 2 %-5 % of triples. In Fig. 3, we refer to these as “Best Candidates.” In this way, we obtained the triples with the highest
likelihood of working in the same chain reaction, while simultaneously reducing the number of triples from 6480 to a manageable
quantity for manual inspection. This reduction is crucial because it allows biologists to focus on the most promising candidates.

3. Results

Following the pipeline from Fig. 3 for all datasets yielded 25 triples for the Broadbent et al., 2015 [43] dataset, 33 triples for the
Otto et al., 2010 [42] dataset, 35 triples for the Toenhake et al., 2018 [44] dataset, 32 triples for the Wichers et al., 2019 [45] dataset,
42 triples for the Subudhi et al., 2020 [46] dataset, 34 triples for the Chappell et al., 2020 [47] dataset, and 29 triples for the Kucharski
et al., 2020 [48] dataset. The detailed list of these triples and their corresponding minimum scores are available in the Supplementary
Material.

From these finalized results for each dataset, we sought to identify similar triples, essentially finding intersections among the
results. This comparison revealed only three triples that are consistently present across all datasets, which we refer to in Fig. 3 as
“robust triples”. These shared triples are presented in Table 2. Table 3 shows the results of the first robust triple (PF3D7_1333200,
PF3D7_1345500, PF3D7_0319100), and Panels A-G of Fig. 4 display their gene expression profiles for each dataset. The results of the
other two robust triples are available in Supplementary Material.

Upon examining the final outcomes for each dataset, a noticeable trend emerges: a significant proportion of genes from E1, E2, and
E3 do not exhibit similar gene expression profiles across the various RNA-seq experiments. Wichers et al., 2019 [45], in their
investigation of the stevor gene family, also observed a substantial variability in gene expression patterns across different experiments.
The underlying cause of this phenomenon is attributed to various confounding experimental factors, including disparities in experi-
mental designs (such as replicates, read numbers, sequencing length, and time points of harvest), distinct culture conditions (such as
variations in serum versus AlbuMAX supplementation, gas mixtures, passage numbers, and synchronization methods), and accumu-
lated genetic variations across different cell lines [45].

The considerable divergence in gene expression patterns among different experiments significantly impacts our study, as these
diverse profiles serve as the input for our model. As a result, gene triples identified as potential components of the same reaction in one
RNA-seq experiment may receive a score indicative of non-cooperativity in another. This inconsistency limits our ability to make
reliable predictions that are universally applicable across different datasets.

To illustrate this variability, we selected the best triple—PF3D7_1225800 (UBA1), PF3D7_1033900 (20NU), PF3D7_0826500
(UFD2)—from the Broadbent et al., 2015 [43] dataset and compared the results of this same triple with the other six datasets, as shown
in Table 4. The observed disparities in results among these datasets are substantial, highlighting the challenge of drawing consistent
conclusions from heterogeneous data sources.

Analysis of these results reveals that the top candidate from the Broadbent et al., 2015 dataset performed poorly in all other
datasets. This discrepancy suggests that these genes may not collaborate within the same chain reaction in other experimental contexts.

Table 2
Triples (E1, E2, E3) present in the final results of all datasets. Scores, p-values and gene expression
profiles for each dataset are available in Supplementary Material.

El E2 E3

PF3D7_1333200 PF3D7_1345500 PF3D7_0319100
PF3D7_1333200 PF3D7_1345500 PF3D7_1210900
PF3D7_1333200 PF3D7_1345500 PF3D7_0303800
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Table 3

Results of the triple (PF3D7_1333200, PF3D7_1345500, PF3D7_0319100), the first robust triple, for all datasets.
Dataset Score Normalized Score P-value
Broadbent et al., 2015 [43] 2.302 0.767 0.001375
Otto et al., 2010 [42] 2.743 0.914 0.000329
Toenhake et al., 2018 [44] 2.613 0.871 0.000270
Wichers et al., 2019 [45] 2.956 0.985 8.18e-08
Subudhi et al., 2020 [46] 2.263 0.754 5.75e-08
Chappell et al., 2020 [47] 2.371 0.790 0.008552
Kucharski et al., 2020 [48] 2.772 0.924 2.13e-14

Broadben Otto Toenhoke2018

Subuch 2020

2 3 -

Fig. 4. Gene expression profiles of the triple (PF3D7_1333200, PF3D7_1345500, PF3D7_0319100) for all datasets. A: Brodbendt et al., 2015; B: Otto
et al., 2010; C: Toenhake et al., 2018; D: Wichers el al.,2019; E: Subudhi et al., 2020; F: Chappell et al., 2020; G: Kurcharski et al., 2020.

Examining their gene expression profiles across each dataset, as illustrated in Figs. S3 and S4 in the Supplementary Material, reveals
substantial variations.

These findings underscore a crucial point: while our model effectively predicts potential gene interactions, these predictions are
intricately tied to the context of individual RNA-seq experiments. The inherent variability in gene expression profiles results in distinct
outcomes across experiments, necessitating caution when generalizing predictions to different experimental conditions.

To determine if this phenomenon is unique to UPS-related genes, we investigated PF3D7_0903700 (Alpha tubulin 1) and
PF3D7_1008700 (Tubulin beta chain)— two genes widely acknowledged to operate collaboratively within the Tubulin complex.
Surprisingly, our investigation revealed that despite achieving high scores in six out of the seven datasets, as shown in Table 5, these
well-known gene pairs still exhibit distinct gene expression profiles across each dataset. For instance, around the 20-h post-infection
(20 hpi) timeframe, while certain experiments demonstrate elevated expression levels for both genes, others show a low expression
pattern. This variability is illustrated in Panels A and B of Fig. 5: Panel A displays low expression of both genes at 20 hpi, and Panel B
shows a case where both are highly expressed. The gene expression profiles for all datasets are provided in Fig. S5 (Supplementary
Material).

These discrepancies imply that our method can identify correlated genes within a dataset, the variability across datasets hinders the
generalization of predictions for gene expression profiles at specific times to different experimental conditions. This observation

Table 4
Scores, normalized scores, and p-values for the triple (PF3D7_1225800, PF3D7_1033900, PF3D7_0826500). This triple was identified as

the top candidate in Broadbent et al., 2015 but showed varying results in other datasets.

Dataset Score Normalized Score P-value
Broadbent et al., 2015 2.514 0.838 0.0001
Otto et al., 2010 0.574 0.191 0.22
Toenhake et al., 2018 1.086 0.362 0.01
Wichers et al., 2019 1.461 0.487 0.018
Subudhi et al., 2020 0.766 0.255 0.000017
Chappell et al., 2020 1.279 0.426 0.052
Kucharski et al., 2020 1.535 0.512 1.584e-07
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Table 5
Scores and p-values for the pair PF3D7_0903700 (Alpha tubulin 1) and PF3D7_1008700 (Tubulin beta
chain). The results show a high score for six out of the seven datasets.

Dataset Score(Range [0; 1]) P-value
Broadbent et al., 2015 0.996 1.6e-5
Otto et al., 2010 0.960 0.012
Toenhake et al., 2018 0.996 6e-5
Wichers et al., 2019 0.997 5.4e-5
Subudhi et al., 2020 0.992 1.3e-13
Chappell et al., 2020 0.729 0.246
Kucharski et al., 2020 0.987 1.3e-11

underscores the need for caution when comparing results across different experimental contexts, emphasizing that while predictions
within a specific experiment context may hold, establishing universal rules is considerably more intricate.

While acknowledging this observed dependence on the experiment inputs, our investigation led us to identify triples that
consistently ranked well across all seven datasets. Remarkably, only three triples emerged as common denominators in the final results
of all seven datasets, as detailed in Table 2. Upon analyzing their gene expression profiles across the diverse experiments, we observed
a new trend. Despite significant inconsistencies and variability in gene expression patterns among the different RNA-seq experiments,
these triples not only achieved high scores across all datasets, but also exhibited similar gene expression patterns. This remarkable
consistency implies that these genes are robust, consistently displaying a congruent result and gene expression pattern regardless of the
specific RNA-seq experiment analyzed, as demonstrated by the uniformly high scores for the first robust triple in Table 3 and the
compatible expression profiles across all datasets shown in Panels A-G of Fig. 4. This finding underscores the impact of dataset
inconsistency on our results, as only a few gene triples remain consistently correlated and exhibit similar expression patterns across
different experimental conditions, making them prime candidates for further study. In contrast, as demonstrated by the tubulin
example, some gene pairs may be highly correlated within datasets but do not show consistent expression patterns across different
experiments, limiting their predictive utility.

4. Discussion

In the course of this research, the proposed model identified 25 triples of genes on the Broadbent et al., 2015 dataset, available in
the Supplementary Material. Our observations revealed that there is considerable diversity among the E1, E2, and E3 genes within
these triples. Specifically, we identified 3 different E1 genes, 9 different E2, and 9 different E3, among these 25 triples. It is widely
recognized in eukaryotes that, despite the abundance of E2, they are less diverse in comparison to E3, which exhibit a greater diversity
of members [50]. Within the three robust triples, the E1 (PF3D7_1333200/PF13_0182) and the E2 (PF3D7_1345500) remained the
same. However, the E3 varied: in the first triple, we identified the E3 ubiquitin-protein ligase RBX1,(PF3D7_0319100); in the second
triple, the GPI mannosyltransferase 1, (PF3D7_1210900); and in the third triple, the IBR domain protein, putative, (PF3D7_0303800),
as shown in Table 2.

As the molecular and functional characterization of E1, E2, and E3 ubiquitin enzymes in P. falciparum remains limited, there is a
scarcity of information regarding their activities and interactions with partner molecules. In light of this, we focused on exploring the
potential functional activities within the highest-scoring robust triple identified in this study. The Pfsubal protein, encoded by the
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Fig. 5. Gene expression profiles of PF3D7_0903700 (alpha-tubulin 1) and PF3D7_1008700 (tubulin beta chain). A: Expression profiles in Toenhake
et al., 2018 dataset. Both genes show low expression at 20 hpi; B: Expression profile in Subudhi et al., 2020 dataset. Both genes exhibit high
expression at 20 hpi. The comparison highlights that while the two genes share closely related expression profiles within the same experiment, their
profiles diverge significantly between experiments.
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PF3D7_1225800 gene, is a ubiquitin-activating enzyme involved in the ubiquitin pathway in P. falciparum and is one of the best-
characterized members of the E1 superfamily in this species [51]. On the other hand, the ubal protein encoded by the
PF3D7_1333200 gene, which we identified in our research, exhibits the highest score across the analysis of seven different transcript
datasets but remains relatively unexplored. Sequence alignment analysis revealed low sequence similarity between the amino acid
sequences of the two ubal proteins, XP_001350655.1 and XP_001350063.1, encoded respectively by the PF3D7_1225800 and
PF3D7_1333200 genes (Fig. S6). These enzymes share common features and mechanisms of action, such as the adenylation of ubiquitin
and the formation of a thioester bond with the activated ubiquitin molecule [52]. In our research, we identified two conserved ThiF
domains in ubal/PF3D7_1333200, which were also detected in Pfsubal according to the Pfam analysis available in the Swiss Browser
(Fig. S7). The ThiF domain is a NAD/FAD-binding fold found in ubiquitin-activating E1 family and members of the bacterial ThiF/-
MoeB/HesA family [53-55]. Indeed, Pfsubal features a ubiquitin-activating enzyme active site, two ubiquitin-activating enzyme
catalytic domains, two ThiF repeats, and a catalytic cysteine at the N-terminus [51,56].

The ubiquitin-conjugating enzyme found in our analyses is encoded by the gene PF3D7_1345500, also known as UBC or 2H2Y. This
ubc protein has been related to the family of specific ERAD-like proteins in the parasite, just like the E1 enzyme [51,56]. In addition to
containing the necessary ubiquitination domains, ERAD-like proteins contain a signal peptide that is responsible for directing the
proteins to the apicoplast. The apicoplast is a non-photosynthetic plastid that resulted from a secondary endosymbiosis event involving
a red alga that created a plastid attached to four membranes. This organelle is responsible for fatty acid metabolism and isoprenoid
biosynthesis in Apicomplexa such as Plasmodium and Toxoplasma [56-58]. In addition to the E2 enzyme targeting the apicoplast, once
the ubiquitin-conjugated E2 binds to the E3 ubiquitin ligase it plays a role in the UPS pathway as well. Likewise, in the course of
High-Throughput Mass Spectrometry research on Apicomplexan parasites, proteins associated with a parasite-specific ERAD-like
system is comprised by all the essential ubiquitination enzymes necessary for activation (PF3D7_1333200 and PF3D7_1365400),
conjugation (PF3D7_1345500), binding (PF3D7_0316900 and PF3D7_0312100), and deconjugation (PF3D7_1031400) [56,58].

E3s play a crucial role in the UPS as they ensure a high level of specificity and selectivity when targeting substrates within cells
[59]. In the P. falciparum 3D7 strain, the PF3D7_0319100 transcript encodes a putative E3 ubiquitin-protein ligase RBX1, characterized
by its catalytic RING domain. In higher eukaryotes, the E3 RBX1 is part of a tetrameric E3 ubiquitin ligase complex known as SCF
(Skp1-Cullinl-F-box protein) which comprises four key components: RBX1 or RBX2, SKP1, an F-box protein, and a cullin [49]. Recent
evidence has shed light on the functional characterization of two distinct types of E3 ubiquitin ligases in P. falciparum: the typical
SCF-like E3 ubiquitin ligase, known as PfSCF, and a human CRL4-like E3 ubiquitin ligase, referred to as PfCRL4 [60]. PfSCF is believed
to consist of the following components based on in vitro immunoprecipitation and ubiquitination assays: PfCullin-1, PfSkp1, PfRbx1,
PfFBXO1, and PfCacyBP. On the other hand, PfCRL4 is composed of PfCullin-2, PfCPSF_A, two WD40 repeat proteins, and PfRbx1.
PfCRL4 has been found to play a significant role in cell division and membrane integrity, and it has been suggested to be essential for
the proper functioning of mitochondria, the endoplasmic reticulum (ER), and genomic maintenance. However, the role of the E3
ubiquitin-protein ligase RBX1 remains relatively obscure. In a recent study conducted by Rizvi and colleagues [60], evidence emerges
of the interaction between the cullin protein and PfRbx1 (PF3D7_0319100) in P. falciparum. The findings from this research suggest
that PfRbx1 is expressed in multiple cellular compartments, including the cytoplasm, nucleus, and chromatin, in the D10 strain of
P. falciparum during the trophozoite stage. The result predicted, as illustrated in Fig. 4A-G, showed the expression of E1, E2, and E3
transcripts increases around the 16-h mark of the intraerythrocytic cycle and remains elevated until approximately 46 h. However,
there is some variability depending on the specific transcriptome dataset considered. Despite evidence of PfRbx1 expression in tro-
phozoites, we can suggest that transcript expression is particularly high during the early and late trophozoite stages, as well as during
the schizont stage.

In mammals, it is well-established that this enzyme is expressed in various tissues and plays a crucial role in cell survival and
division. Notably, RBX1 and RBX2 have been extensively studied in the context of anti-cancer therapy. Inhibiting these proteins has
been shown to induce apoptosis and cell senescence, while their overexpression is directly associated with the proliferation of tumor
cells [61,62].

While the prediction in this analysis identified only the RBX1 transcript, it is reasonable to speculate that enzymes such as E1, E2,
and particularly E3 ligase also play pivotal roles in the parasite’s survival by regulating protein activity through the UPS pathway.
Given the potential of the E3 ligase enzyme RBX1 as a therapeutic target, it becomes relevant to undertake the characterization of this
protein in P. falciparum. Additionally, the development of inhibitors holds promise for studying its function during the parasite’s
intraerythrocytic cycle.

5. Conclusion

The model we have developed serves as a predictive tool for identifying potential gene interactions; however, these predictions are
constrained to the context of individual RNA-seq experiments. Nonetheless, it is worth noting that certain genes appear to exhibit
robustness in this regard. These genes attain high scores and consistently display similar gene expression patterns across various
experiments, regardless of the experimental conditions. In our specific study involving genes from E1, E2, and E3 of Plasmodium
falciparum, we identified three triples, as shown in Table 2, that demonstrate robustness across all seven RNA-seq experiments used in
this study. In addition, this research shows that the E1, E2 and E3 enzymes must participate in ubiquitination to promote parasite
development and replication during the trophozoite and schizont stages in the parasite’s IDC.
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