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Abstract. We present the Transparent Reproducible Pipeline (TRP), a core com-
ponent of our framework for systematizing the comparative analysis of cancer
microRNA networks. The TRP is an open, stepwise pipeline for modeling these
networks. It provides transparency in materializing intermediary artifacts as
tables with schemas, affording explicit semantics and annotation-based prove-
nance. It also offers reproducibility through its open-source code and com-
prehensive documentation, all accessible without restrictions. To apply and
validate the TRP, we conducted a controlled study on breast cancer based on
the Breast Invasive Carcinoma (BRCA) project of The Cancer Genome Atlas
(TCGA), achieving promising results.

1. Introduction

The advent of network science dates back to the year 2000. This young field of research
is based on the characterization of complex networks and the development of analytical
techniques that exploit their topology [da F. Costa et al. 2007]. Complex networks offer
a natural framework to systematically represent and analyze the relationships between
components of biological systems. Although network representations have been widely
adopted in molecular biology for many decades, their convergence with network science is
much more recent, giving rise to subfields such as network biology and network medicine
[Vulliard and Menche 2021].

Network medicine is an emerging field that fuses systems biology and network
science to study human diseases. By applying analytical techniques related to complex
networks, it enables a systemic investigation of the perturbations in biological networks
that result in disease. Its approaches have contributed to advances in research and treat-
ment development for a variety of complex diseases, including asthma, type 2 diabetes,
and several different types of cancer [Barabasi et al. 2011].

Cancer is recognized as a systems biology disease, requiring an integrated view to
enable continuous advances in its study — a perspective provided by network medicine
[Hornberg et al. 2006, Laubenbacher et al. 2009]. Initiatives such as The Cancer Genome
Atlas (TCGA) have been essential in supporting the development of complex-network-
driven approaches in cancer research. It has generated multi-omic molecular portraits of
multiple cancer types. Among its major contributions is the Pan-Cancer project, which



aims to compare diverse cancer types to comprehensively characterize their molecular
similarities and differences [Network et al. 2013]. Pan-cancer, or inter-cancer, analyses
are a significant component of network medicine’s approach to the disease.

MicroRNAs (miRNAs) play a fundamental role in cancer biology and are well
established as important disease biomarkers and therapeutic targets. These small non-
coding RNAs regulate gene expression by interacting with messenger RNAs (mRNAs)
to inhibit their translation [Hayes et al. 2014]. The interactions between miRNAs and
mRNAs are complex: each miRNA can target multiple mRNAs, while many miRNAs
can target the same mRNA. Complex-network-based analysis has emerged as a key
strategy to model and gain deeper insight into these regulatory relationships in cancer
[Dragomir et al. 2018]. The role of miRNAs — as well as other non-coding RNAs —
continues to increase in significance within network medicine [Gysi and Barabasi 2023].

However, as network medicine remains a developing field, there are still open
challenges in using complex-network-driven approaches in cancer research, especially in
pan-cancer contexts associated with miRNA representations. In our research, we argue
that a central challenge lies in exploring network topological analysis to systematically
compare different cancer types. Although multiple topological metrics and structures —
such as centralities, hubs, modules, and motifs — are widely used in the study of cancer
networks, there is a lack of systematic approaches that utilize them in the comparisons
inherent to pan-cancer analyses.

In this paper, we present the Transparent Reproducible Pipeline (TRP), which is
a core component of our framework for systematizing the comparative analysis of cancer
miRNA networks. The TRP provides transparency through an open, stepwise pipeline
for modeling these networks, in which each step produces structured, reusable, and re-
configurable artifacts with explicit semantics and traceable actions through annotation-
based provenance. The TRP also affords reproducibility through its open-source code in
Jupyter Notebooks and comprehensive documentation, all accessible without restrictions
at https://github.com/LIS-Unicamp/pan-cancer-analysis/tree/v0.1.0.

To apply and validate the TRP, we conducted a controlled study on breast can-
cer (BC). We selected BC due to its social relevance and its characterization into distinct
molecular subtypes. In recent years, female BC has been identified as the most commonly
diagnosed cancer and a leading cause of cancer death worldwide [Sung et al. 2021].
We believe that the biological complexity of BC molecular subtypes allows this case
study to closely approximate a pan-cancer investigation, minimizing the variation re-
lated to the tissue specificity of the disease. As a basis for our study, we used data
from the original TCGA breast cancer project, the Breast Invasive Carcinoma (BRCA)
[Network 2012]. The resulting networks show a promising direction towards systematiz-
ing complex-network-driven cancer comparative analysis.

The structure of the paper is as follows. In Section 2, we discuss related work. In
Section 3, we describe the stages and data artifacts that comprise the TRP. In Section 4,
we analyze and validate the application of TRP. In Section 5, we present the main aspects
of this work and point out directions for future research.



2. Related Work

MicroRNA (miRNA) networks have been widely used to investigate the regulatory roles
of these molecules, particularly in relation to their interactions with messenger RNAs
(mRNAs). Below, we discuss studies that address the modeling of cancer miRNA net-
works and that influenced the development of our work.

[Dragomir et al. 2018] reviewed the main types of networks — monopartite, bi-
partite, and association — used to analyze biological data related to miRNA function to
illustrate that network-based approaches can help improve the selection of miRNAs for
therapeutic targeting in cancer. A summary of their discussions on each of them follows.

Monopartite network A graph containing only miRNA nodes and constructed using the
expression levels of the molecules. Commonly, an edge connects two nodes with
correlated expression above a threshold value. Although this type of network has
advantages, the biological meaning of its edges is unclear.

Bipartite network Typically, a graph representing miRNAs regulating mRNAs. This
network can be constructed based on anti-correlation analysis of expression data
or on published and validated interactions. While each approach has its particular
limitations, both produce edges with clear biological meaning.

Association network A graph that is a hybrid between the two previous approaches.
It consists of transforming a miRNA-mRNA bipartite network into a miRNA
monopartite network using an association index, such as Jaccard, Geometric, or
Cosine. An edge connects two nodes that are associated above a threshold value,
indicating the specific number of targets shared between a pair of miRNAs.

[Na and Kim 2013] investigated miRNA networks to understand the cooperativity
between these molecules. The authors used four co-expression datasets, two of which
were related to human cancer (prostate adenocarcinomas and lung cancer). Combining
static and functional information, they modeled four network types. (i) A miRNA-mRNA
bipartite network of interactions predicted by TargetScan. (i1) Condition-specific miRNA-
mRNA bipartite networks, whose edges were the intersection between the predicted in-
teractions and those inferred from expression based on Pearson’s correlation coefficient.
(ii) Condition-specific miRNA association networks, whose edges were defined by the
Jaccard index calculated from the previous networks. (iv) A combined miRNA associa-
tion network, whose nodes and edges resulted from the union of the preceding networks.
The latter was the main target of the analyses proposed by the authors.

Regarding miRNA-mRNA bipartite networks, [Jacobsen et al. 2013] modeled
cancer-specific ones and then a pan-cancer one to investigate the interactions shared
across cancer types; [Fu et al. 2012] and [Xu et al. 2021] built one to uncover the interac-
tions in colorectal cancer and osteosarcoma, respectively; and [Andrés-Ledn et al. 2017]
constructed one to identify the conserved interactions in essential cancer pathways.

Inspired by the works described, we decided to build two types of networks in
our pipeline: the miRNA-mRNA bipartite network and the miRNA association network.
None of these works adopted an open and reproducible pipeline, such as our Transpar-
ent Reproducible Pipeline. To the best of our knowledge, the proposition of a systematic
approach to apply complex-network-driven analysis and comparison in the cancer tran-
scriptomic context remains an open challenge, including the development of transparent
and reproducible pipelines, as proposed in this work.



3. Methodology

Figure 1 outlines the stages of our pipeline. Following a data flow architecture, each stage
represents a process connected to adjacent ones via data artifact transfer. A core aspect of
the presented pipeline is our Transparent Reproducible Pipeline (TRP) model, based on
artifacts documented with ontology-based semantics and provenance metadata: (i) each
artifact has a schema annotated with explicit semantics, and (i1) every field of an artifact B
derived from an artifact A receives the following provenance annotations in B: the original
field from A (descendant of ) and the transformation applied, if transformed. In this way,
it is possible to interpret the role of each field and trace its evolution along the stages.
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Figure 1. Overview of the stages of our Transparent Reproducible Pipeline.
This diagram has been designed using resources from Flaticon.com.

An open GitHub repository presents the schemas of the artifacts and the respec-
tive artifacts: https://github.com/LIS-Unicamp/pan-cancer-analysis/tree/v0.1.0/data. As
shown in Figure 1, each stage of the TRP produces a family of artifacts identified by
the AT_ prefix — e.g., the Metadata Selective Access stage produces the family AT_OR,
described in the repository as TCGA Origin Artifacts. Every artifact of the family, docu-
mented in the repository, receives a slash and suffix in the ID — e.g., the Project Metadata
artifact is AT_OR/PM. The family and artifact IDs are consistently referred to throughout
the paper. Field names inside the artifacts’ tables will appear in italics.

Explicit semantics rely on references to ontologies based on the role of each field.
For example, the Systems Biology Ontology! annotates biological agents and processes;
the Statistical Methods Ontology? documents statistical methods and metrics; and EDAM:
the bioscientific data analysis ontology® annotates transformations and provenance. Each
pipeline stage corresponds to a Jupyter Notebook of the same name in our open GitHub
repository. Key parameters for these notebooks are centralized in a Python configuration
file and documented in the AT_SETUP artifact family. By modifying these parameters,
the pipeline can be tailored to specific requirements.

In the following subsections, we detail each of the six stages presented and the
artifact families associated with them.
"https://github.com/EBI-BioModels/SBO
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3.1. Metadata Selective Access

This stage is responsible for selectively retrieving metadata from external sources and
storing it in the artifact family AT_OR. In this study, the pipeline selectively retrieves
metadata from the Breast Invasive Carcinoma (BRCA) project of The Cancer Genome
Atlas (TCGA). All metadata and data generated by TCGA projects are available on the
Genomic Data Commons (GDC) Data Portal*. We used its programmatic interface, the
GDC Application Programming Interface (API), to implement this stage.

Communicating with the GDC API involves making calls to several endpoints,
each representing specific functionality. To discover which data was related to TCGA-
BRCA, we needed to explore the metadata contained in the API. The GDC API metadata
is organized hierarchically: each project has many associated cases, and each case has
multiple related files. Therefore, a top-down selection of the responses from the Projects,
Cases, and Files endpoints was necessary to retrieve the TCGA-BRCA metadata.

Based on this selection, we produced the AT_OR family of artifacts: AT_OR/PM,
AT_OR/CM, and AT_OR/FM. Each of these artifacts stores the TCGA-BRCA metadata
that are relevant to the next stages in our pipeline — AT _OR/PM stores project-related
metadata, such as disease type and case and file count; AT_OR/CM stores clinical and
biospecimen metadata for the project’s cases; and AT_OR/FM stores project-file metadata,
such as experimental strategy and sample type.

3.2. Metadata Filtering

When investigating the cases and files related to the TCGA-BRCA project, we found that
a significant portion of them fell outside the scope we defined for this case study. This
stage addresses the filtering of the metadata of interest from the AT_OR family, creating
the AT_FOR artifact family. This filtering does not result in the exclusion of AT_OR/CM
case or AT_OR/FM file records; it results in the addition of binary columns to the artifacts,
where the records of interest are marked with the value 1 and the others with 0. Combined
with the documentation of the parameters used in the filtering, these columns maintain
traceability of the fields and record our decisions.

Regarding the files, we searched for those generated by microRNA and RNA se-
quencing (miRNA- and RNA-Seq) (experimental _strategy) and classified under the tran-
scriptome profiling category (data_category). Considering the open-access files in the
GDC API, there are three types (data_type) that correspond to these parameters: miRNA
expression quantification (MEQ), isoform expression quantification (IEQ), and gene ex-
pression quantification (GEQ). We selected the IEQ and GEQ files as the data to be used
in our pipeline. The choice of IEQ over MEQ is due to the fact that only the first data type
has reads associated with a specific strand —5p or 3p — of the miRNAs. Furthermore,
the files should have been generated from primary tumor or normal tissue samples (sam-
ple_type). Filtering for AT_OR/FM resulted in the AT_FOR/FM artifact, which consists
of the previous artifact added from binary columns.

Regarding the cases, we searched for those characterized as “ductal and lobular
neoplasms” (disease_type) and with a defined molecular subtype (pam50_mrna). We re-
covered the molecular subtype classification of the TCGA-BRCA cases through Supple-
mentary Table 1 of the article of the project [Network 2012] — artifacts AT _FOR/PC and

“https://portal.gdc.cancer.gov



AT FOR/FPC. To filter them, we aggregated the files of each case, looking for those that
presented a co-transcriptomic profiling of primary tumor or paired normal tissue. This
refers to a pair of IEQ and GEQ files for at least one of these tissue types. Filtering for
AT _OR/CM resulted in the AT_FOR/CM artifact, which consists of the previous artifact
added from binary columns and a column characterizing the molecular subtype of the
case: basal-like, HER2-enriched, luminal A, or luminal B.

3.3. Expression Retrieval and Aggregation

This stage comprises retrieving expression reads of the files selected in the previous stage
and aggregating them according to the miRNA or gene, creating the AT_EF family. Files
are retrieved via the GDC API Data endpoint. We dealt with two different file types in this
pipeline, one related to miRNA-Seq and the other to RNA-Seq, and each of them requires
distinct processing. In this step, the processing consists of specific aggregations for each
group — basal-like, HER2-enriched, luminal A, luminal B, and normal.

An IEQ file consists of raw and normalized read counts for miRNA isoforms
(AT_EF/MR). Isoforms are identified by their coordinates (isoform_coords), miRNA ID
(miRNA_ID), region type, and, in some cases, MIMAT ID (both in miRNA _region). Since
only the MIMAT ID indicates the molecule and its strand, we chose to use it as the pri-
mary identifier in the aggregation. We filtered the isoforms with associated MIMAT IDs
and then summed the raw and normalized read counts by each MIMAT ID (AT_EF/MPR).
We aggregated the results in two data artifacts, one for raw read counts (AT _EF/AMR) and
the other for the normalized ones (AT_EF/AMN). In both, rows correspond to miRNAs
and columns to files — read counts are in the intersections of this matrix format.

A GEQ file consists of raw and normalized read counts for genes (AT_EF/RR).
Genes are identified by their Ensembl ID (gene_id), name (gene name), and type
(gene_type). We filtered the protein-coding genes and extracted data from two count meth-
ods: unstranded raw (unstranded) and TPM unstranded normalized (tpm_unstranded)
(AT_EF/RPR). Again, we aggregated the results in two data artifacts, one for raw read
counts (AT_EF/ARR) and the other for the normalized ones (AT_EF/ARN). In both, rows
correspond to genes and columns to files, with read counts at the intersections.

3.4. Molecule Filtering by Expression

Observing the aggregated read counts produced in the previous stage, we noted the pres-
ence of molecules, both miRNAs and mRNAs, with low or almost no expression. We
concluded that these molecules would not contribute to network construction and future
analyses. This stage consists of filtering the relevant miRNAs and mRNAs according
to their expression in the aggregated read count files of all groups, creating the AT_MF
family. We opted for a widely used approach in the community: the Filter Genes by
Expression Level (filterByExpr)® function from the edgeR package [Chen et al. 2025].

The processing is separate for miRNAs and mRNAs. For each molecule type, we
apply filterByExpr with its default parameters to the concatenation of the aggregated raw
read counts of all five groups. This resulted in the artifacts AT_MF/EM and AT_MF/ER,
which represent, respectively, the expressed miRNAs and mRNAs. We used these arti-

Shttps://rdrr.io/bioc/edgeR/man/filterByExpr.html



facts to flag the expressed molecules in the aggregated read count files, giving rise to the
artifacts AT_MF/AMR, AT_MF/AMN, AT _MF/ARR, and AT MF/ARN.

3.5. Interaction Inference

When designing this case study, we established that the interaction inference would result
from a combination of static and functional information. Static information is associated
with the use of sequence complementarity-based target prediction data, while functional
information is related to the anti-correlation analysis of the co-transcriptomic profiling
data. This stage is responsible for inferring miRNA-mRNA interactions according to the
described approach, producing the AT _II artifact family.

The static information we used in this work comes from the miRWalk database
[Sticht et al. 2018]. After downloading the miRNA-target files of all expressed miR-
NAs through a web scraping approach (AT_II/MT), we filtered the interactions of interest
(AT_II/MPT). The parameters for this filtering were the following: binding probability
greater than 0.9 (bindingp), prediction by TargetScan (TargetScan), and occurrence in the
3UTR position of the mRNA (position). It is worth mentioning that we used the MIMAT
IDs for querying in miRWalk and, based on the miRNA-target files, we created an artifact
to map each MIMAT ID to the respective miRNA name: AT_II/MNP.

The aforementioned anti-correlation analysis is specific to each of the five study
groups. Based on the miRWalk interactions of interest, we calculated the Spearman cor-
relation coefficient for each potential miRNA-mRNA pair. We chose to use Spearman
rather than Pearson because we consider the former to be more robust. We also applied
the Benjamini-Hochberg false discovery rate control method to calculate the g-values —
the adjusted version of Spearman’s p-values. The artifact AT_II/IS represents the inferred
interactions, associating each with a correlation value and a g-value.

3.6. Network Construction

We chose to construct two types of miRNA network: the miRNA-mRNA interaction
network (MRIN) and the miRNA association network (MRAN). Figure 2 illustrates the
architecture of these networks. This stage is responsible for the creation of the AT_MN
family, whose artifacts are used to construct the networks related to each group. Each of
the five study groups has its own MRIN and MRAN. We used the software Cytoscape to
visualize the networks generated from these artifacts [Shannon et al. 2003].

The MRIN is a bipartite graph that represents miRNAs regulating mRNAs. The
edge between each miRNA-mRNA pair displays an inferred interaction, with a correlation
value below -0.3 (correlation) and a g-value below 0.05 (g-value). Based on the litera-
ture, we consider these thresholds appropriate for the identification of statistically signif-
icant interactions demonstrating at least moderate correlation. The artifacts AT _MN/IS,
AT _MN/INE, and AT_MN/INN are related to the construction of this network type.

The MRAN is an association graph of miRNAs. The edge between each pair
of miRNAs displays an indirect interaction defined and weighted by the Jaccard index.
We filtered the associations with a Jaccard index above 0.1 (association) to build the
MRANSs. We believe that this threshold is sufficient to select relevant associations. The
artifacts AT_MN/AS, AT_MN/FAS, AT_MN/ANE, and AT_MN/ANN are related to the
construction of this network type.
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Figure 2. Architectures of the two types of networks built in this work: the miRNA-
mRNA interaction network and the miRNA association network.

The MRIN supports analytical questions such as which equivalent mRNAs are
regulated by two miRNAs, the degree centrality of miRNAs, or miIRNA-mRNA inter-
action motifs. The MRAN, on the other hand, while losing information on individual
mRNAs, expands the analysis to a broader range of metrics, including a richer set of
centrality measures and module detection.

4. Pipeline Application

In this section, we describe the analysis and validation of the Transparent Reproducible
Pipeline (TRP). As stated earlier, TRP models cancer microRNA networks for a system-
atic, network-topology-driven confrontation, analysis, and discovery. In the case study
of this paper, we applied TRP in the context of breast cancer (BC) molecular subtypes.
The basis for this intra-cancer work is the Breast Invasive Carcinoma (BRCA) project of
The Cancer Genome Atlas (TCGA), in which BC is characterized into basal-like, HER2-
enriched, luminal A, and luminal B subtypes. In addition to these four tumor groups, we
used data from the TCGA-BRCA normal tissue analysis to define a control group — a
baseline for future comparative analyses.

The TCGA-BRCA has 1,098 cases and 71,079 files. After filtering the metadata
according to the mentioned parameters, we obtained 488 cases (&~ 44.4%) and 1,084 files
(=~ 1.5%). The proportions of cases and files of interest justify the need for the metadata
filtering step. Table 1 shows the quantification of cases and files of interest for each of
the analyzed groups. The number of cases per group is representative of the prevalence of
BC molecular subtypes [Malhotra et al. 2010]. Since we are dealing only with cases with
co-transcriptomic profiling, half of the files in each group were produced by microRNA
sequencing and the other half by RNA sequencing. It is relevant to mention that, of all
cases of interest, there are 56 cases — luminal A (29), luminal B (14), basal-like (8), and
HER2-enriched (5) — that present co-transcriptome profiling of paired normal tissue.



After processing the files, we noticed that a total of 2,128 microRNAs (miRNAs)
and 19,314 messenger RNAs (mRNAs) presented at least one read associated with one
of the study groups. By filtering these molecules by expression, we calculated that 436
miRNAs (~ 20.5%) and 16,906 mRNAs (=~ 87.5%) were expressed. Notably, the fil-
tering was more restrictive for miRNAs than for mRNAs. We hypothesize that this is
related to the lower expression patterns of miRNAs compared to mRNAs and the high
tissue and condition specificity of miRNA expression. Based on the expressed miRNAs,
we extracted their predicted interaction files from miRWalk. By filtering these files, we
obtained 41,169 interactions as a “static baseline” for the anti-correlation analyses of the
functional information of each of the five groups. The results of interaction inference
served directly as the basis for the construction of the networks.

To validate that TRP is modeling biologically meaningful networks, we chose to
analyze the networks we constructed for the basal-like tumor group. We selected this
group because, according to the quantification of nodes and edges, it has middle-sized
networks. Figures 3 and 4 illustrate, respectively, the miRNA-mRNA interaction network
(MRIN) and the miRNA association network (MRAN) generated by our pipeline for this
group. This MRIN has 291 nodes (58 miRNAs and 233 mRNAs) and 296 edges, and
this MRAN has 19 nodes and 13 edges. We further provide preliminary observations
of the resulting networks to indicate the validity of our pipeline and its potential to sup-
port a network-centered analysis. The TRP is a pillar towards systematizing a network-
topology-driven analysis in our framework.

In the MRIN, we found several genes important for BC, with oncogenic or tumor
suppressor activity already described in the literature. For example, the genes TGFB2,
CCND2, and FGF1 are involved in proliferative stimulation (control or promotion), and
BCLBI11 is involved in escaping programmed cell death. There are also genes signifi-
cant for tumor aggressiveness or progression, such as TSN1 (cell-cell adhesion), MMP2,
ADAMI19, and MSN (matrix remodeling for invasion and metastasis), HDAC9 (epige-
netic remodeling), and transcription factors linked to tumor stem cell characteristics, such
as FOXO1. Well-known suppressor genes such as KLF2 and KLF3 and inflammatory
modulators such as TLR4 and CXCL14 also appear in the network. The ZEB1 + miR-
200c and miR-200b pairs are widely known to influence tumor aggressiveness in numer-
ous types of cancer, including BC. The JAK1 and ETS1 members are transcription factors
classically known to be activated by the MAPK pathway in several types of cancer, in-
cluding BC, which has participation of the MAPK pathway, mainly in HER+. Finally, the
estrogen receptor ESR1 is very important clinically, being a marker of tumor subtype and
inducing therapeutic conduct.

In the MRAN, we observed that many of the edges occur between (i) miRNA
1soforms or (i1) clusters. (1) miR-29a and miR-29b are isoforms with the same seed region,
so their targets are very similar. The same applies to miR-200b and miR-200c. (ii) miR-
221 and miR-222 are co-expressed clusters and likely arose from the same ancestor, so
they have similar targets. The same applies to miR-17-5p and miR-20a. Furthermore, the
association between miR-106b and miR-17-5p has been previously explored in relation
to the PI3K pathway [Lee et al. 2019]. Likewise, the association between miR-93 and
miR-106b-5p has also been explored previously in relation to the TGFB pathway — both
target TGFB2 in our bipartite network [Li et al. 2017].



Table 1. Quantification of cases and files of interest by group.

Group | # of Cases | # of Files
Luminal A 224 446
Luminal B 120 240
Basal-like 88 174
HER2-enriched 56 112
Normal - 112

Figure 3. Basal-like miRNA-mRNA interaction network produced by our pipeline.
Red nodes represent miRNAs and blue nodes represent mRNAs.

Figure 4. Basal-like miRNA association network produced by our pipeline.

5. Final Remarks

This paper presented the Transparent Reproducible Pipeline for modeling cancer mi-
croRNA networks. By analyzing and validating its application in a controlled study on
breast cancer, we concluded that our pipeline was capable of producing networks with sig-
nificant biological meaning. These networks represent appropriate targets for our frame-
work for systematizing the comparative analysis of cancer microRNA networks.



Our TRP, by providing traceable information and transparent, reconfigurable de-
cisions throughout the process, allows not only for open interpretation and inspection
but also for reconfiguration and reuse. Each intermediate artifact can be reused in new
pipelines and selections, and decisions throughout the pipeline can be adapted according
to the context and problem — for example, another cancer type.

In future work, we will address current limitations, including batch effects and the
methods used to infer interactions. We also plan to analyze the robustness of the pipeline
to parameter changes and optimize stages that involve downloading data. In addition, we
aim to expand the pipeline with new stages for differential expression analysis, functional
enrichment, and network-topology-based comparative analysis.
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