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Abstract: Understanding condition-specific biological mechanisms from RNA-seq data requires
comprehensive analysis of gene expression data, from the gene to the network level. However, this
requires computational expertise, which limits the accessibility of data analysis for understanding
biological mechanisms. Therefore, the development of an easy-to-use and comprehensive analysis
system is essential. In response to this issue, we present TFNetPropX, a user-friendly web-based
platform designed to perform gene-level, gene-set-level, and network-level analysis of RNA-seq data
under two different conditions. TFNetPropX performs comprehensive analysis, from DEG analysis
to network propagation, to predict TF-affected genes with a single request, and provides users with
an interactive web-based visualization of the results. To demonstrate the utility of our system, we
performed analysis on two TF knockout RNA-seq datasets and effectively reproduced biologically
significant findings. We believe that our system will make it easier for biological researchers to gain
insights from different perspectives, allowing them to develop diverse hypotheses and analyses.

Keywords: network propagation; web-based tool; gene expression; RNA-seq; TF knockout;
bioinformatics; network biology

1. Introduction

The analysis of RNA sequencing (RNA-seq) data has become a routine practice in
biological research for transcriptome analysis, driven by reduced production costs and
the development of analytical tools [1,2]. In most cases, the analysis of RNA-seq data
follows the following process: sequencing data, quality control, read alignment, gene level
quantification, and differential expression and functional analysis. These analyses aim to
reveal the underlying biological mechanisms that cause variation between two conditions in
different scenarios, such as phenotypic changes, knockout experiments, drug interventions,
and temperature-induced stress [3]. A number of computational tools have been developed
to obtain gene-level quantification matrices from RNA-seq data, and approaches have
been developed to analyze DEG-based gene-level quantification matrix data from different
perspectives [4]. However, genes do not function alone, so analysis at the level of individual
genes is limited in its ability to understand the highly complex biological mechanisms that
result from interactions between genes [5,6]. Thus, gene module level analysis is necessary
for interpreting and hypothesizing from gene expression data. However, as there are a large
number of candidate gene combinations to be considered, additional biological knowledge
is required for an efficient analysis.

Leveraging biological knowledge in analysis often involves gene ontology (GO) terms
and biological pathways at the molecular level, as well as broader biological networks
that capture gene interactions [7]. There are a number of popular methods for performing
analyses at the gene set level. For example, a widely used method, gene set enrichment
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analysis (GSEA), effectively extracts insights from gene expression data, facilitating the
identification of the underlying biological processes or pathways associated with specific
phenotypes [8]. Enrichr serves as a gene set search engine, providing the ability to query
an extensive collection of annotated gene sets. It is a tool that integrates knowledge from
many projects to provide a unified understanding of mammalian genes and gene sets.
The tool is available on the web and also provides an API [9]. The Kyoto Encyclopedia of
Genes and Genomes (KEGG) is a comprehensive knowledge base designed to facilitate the
biological interpretation of molecular datasets. It provides comprehensive insights into
diverse biological systems, covering data on genes, proteins, pathways, and compounds.
KEGG is particularly valuable for gene-set-level analyses as it contains detailed information
on the interactions between genes involved in specific biological functions, making it a
widely used resource in this context [10].

Biological network analysis examines the interaction and organization of genes in
forming functional modules that carry out essential physiological processes. Gene regula-
tory network analysis, which examines the regulatory interactions between transcription
factors (TFs) and target genes (TGs) to modulate gene expression, is a common approach
to analyzing RNA-seq data [11,12]. The STRING database provides comprehensive data
on protein–protein interactions, consolidating information from diverse sources such as
experimental studies, co-expression data, therapeutic knowledge, and computational bi-
ological text mining. The STRING protein–protein interaction (PPI) network is used by
many network-based methods and provides insight into interactions across a wide range
of biological species [13]. When constructing a TF-TG network, several databases offer
predictions of TF–TG interactions, including resources such as TRANSFAC, TRRUST, and
hTFtarget [14–16]. These databases present TF-TG target information using various ap-
proaches, including predictions derived from the literature dedicated to TF–TG interactions,
motif-based predictions, aggregation of experimental evidence, and compilation of relevant
datasets. Various network construction and analysis algorithms have been developed to
facilitate the interpretation of complex biological mechanisms at the network scale. Among
these methods, network propagation is emerging as an important approach to identifying
important biological modules and genes in the analysis of genomic, transcriptomic, and
proteomic data using networks [17–19]. Network propagation serves as a methodology
for prioritizing condition-specific genes by spreading information from specific nodes
within the network. This technique is useful in a variety of applications, including identify-
ing subnetworks, discovering condition-specific gene sets, testing hypotheses, exploring
drug–disease associations, and facilitating biological interpretation [20,21].

While many tools have been developed for analyzing gene expression data, a major
drawback is their complexity for non-experts. These tools often rely on command line
interfaces and different preferences, and when using multiple methods as a pipeline,
sometimes the format of the output of the previous method does not match the format
of the input of the next method, so you have to format the data for each process, making
analysis more complicated. Acquiring the computational skills to meaningfully explore
data is a significant barrier to analysis. In order to address these challenges, we have
developed TFNetPropX, which is a web-based comprehensive RNA-seq data analysis
system for the analysis and exploration of TF networks using network propagation. Our
platform offers distinct usability advantages, integrating results across levels in a single run,
with a user-friendly interface and minimal complexity. Visualizations from gene to network
level facilitate the identification of significant results, with the generated analysis results
easily downloadable for further processing. In addition, we streamline user exploration
by providing one-click access to related gene and biological function information. The
following sections describe the detailed analysis process of our system.

2. Materials and Methods

The workflow of the TFNetPropX system is illustrated in Figure 1. It follows a
structured and sequential 5-step process, starting with the input data and progressing
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through the stages of context-specific gene filtering. It provides a mechanism for visualizing
the results of gene- and network-level analysis through an interactive plot. A detailed
description of the process is presented in the following section.

Figure 1. The workflow of TFNetPropX.

2.1. Step 1: Input

The first step in carrying out RNA-seq data analysis using our system is to take
input data from users. Our system requires that gene expression raw count matrix data
are analyzed, as well as the specific TF gene name of the knockout study and various
parameters. The parameters consist of the species of the data, cutoff values including log2
fold change (log2FC) and p-value threshold for differential expression (DE) analysis, and
the users’ email address. The currently available species are human and mouse, which will
be further extended.

The gene expression data entered by the user are in the form of a raw count matrix,
where genes are represented by rows, while samples, wild-type and knockout samples,
are represented by columns.Our system does not provide raw sequencing read mapping,
so the users must prepare a dataset that has undergone pre-alignment and quantification
procedures.

For the running parameters, the users are asked to select the species used for the
study of the data, human or mouse, and enter the gene name of the knockout TF. The users
are also asked to specify the log2FC and the p-value threshold for the DE analysis. The
default log2FC and p-value thresholds are 1 and 0.05, respectively. Setting a higher log2FC
threshold or a lower p-value threshold will reduce the number of DEG candidates, and
vice versa will increase them, so the user needs to set the appropriate thresholds. When
the analysis is complete, our system sends an email to the email addresses that the users
entered in the beginning, and the email contains a notification that the analysis is complete
and a link to the results.

2.2. Step 2: Gene-Level Analysis

Step 2 is a gene-level analysis, where DEGs are identified based on user-defined
thresholds. In the first step of step 2, DESeq2 is used to identify DEGs between the
wild-type (WT) and knock-out (KO) groups, using the user-specified log2FC and p-value
threshold values [22]. This process extracts relevant genes that show significant expression
changes in response to experimental conditions.

After identifying the DEGs, our system uses GSEAPY [23] to perform an enrichment
analysis to reveal the functional significance of the DEGs. This enrichment analysis includes
five major categories: gene ontology cellular components, biological processes, molecular
functions, KEGG pathways and Wiki pathways. The top 10 enriched terms within each
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category for up- and downregulated DEGs in knockout samples are identified, providing
insight into the underlying biological processes and pathways associated with the DEGs.

The gene-level analysis generates three distinct visualization plots: a DEG volcano
plot, a gene-level clustering heatmap, and an enrichment plot corresponding to each of
the five categories of the enriched term. These graphical representations contribute to
a comprehensive understanding of the results. Each plot is created using the Highchart
library, to ensure the clarity and interpretability of the analysis results.

2.3. Step 3: Network Construction

Step 3 is network construction, which focuses on exploring knock-out condition-
specific interactions within the regulatory landscape. This is achieved by integrating two
different approaches to build a comprehensive network of TFs and their associated TGs.

First, the TRRUST v2 database is used to establish connections between user-provided
TFs and their associated TGs [15]. In addition, the construction of the comprehensive
network includes the incorporation of DEG interactions obtained from the STRING PPI
network [13]. To ensure robustness, only interactions with a combined score of 550 or
higher in the STRING PPI network are considered.

The integrated network from the TRRUST v2 database and the STRING PPI network
results in a comprehensive knockout condition-specific network that reveals the regula-
tory relationships and functional associations between TFs, TGs, and interacting genes.
This network serves as a valuable resource for in-depth network analysis, facilitating the
exploration of the intricate regulatory mechanisms involved in the knockout condition.

2.4. Step 4: Network Analysis

Step 4 is a network analysis that aims to score and rank the genes likely to be af-
fected by knock-out TFs from a network topology perspective. This step uses the con-
structed knock-out condition-specific network and employs network propagation algo-
rithm and betweenness centrality to quantify the impact of knock-out TFs and genes within
the network.

First, we estimate the influential possibility of the knockout TF in relation to the other
genes on the network through network propagation.Our system runs the random walk
with restart (RWR) algorithm to carry out network propagation using TF as a seed gene.
The equation for RWR is shown below:

pt+1 = (1− r)W′pt + rp0 (1)

where W′ is the column-normalized matrix of W, the adjacency matrix representing the
knock-out condition-specific network; t is the current time step; p0 is the vector of the
genes, which is initialized either 1

n or 0 for the seed gene and the other genes, respectively,
where n is the number of seed genes; pt is the vector at the current time step t; pt+1 is the
vector at the next time step; and r is the restart rate.

Then, our system calculates the betweenness centrality for the genes in the network.
Betweenness centrality is a measure of the centrality of the genes in a network, based on
how many shortest paths out of all the shortest paths existing in the network pass through
the genes. The higher betweenness centrality of a gene, the more biological signals pass
through the gene, which in turn implies that such genes are likely to be hubs in the network
and play an important role in the gene network. The equation for betweenness centrality is
shown below:

BC(g) = ∑
i 6=g 6=j

σij(g)
σij

(2)

where BC(g) is the betweenness centrality of a gene g, σij is the total number of shortest
paths between any pair of genes i and j, and σij(g) is the number of shortest paths between
gene i and j passing through gene g.
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By integrating network propagation and betweenness centrality information, the
results of the network analysis provide valuable insights into the regulatory impact of
knockout TFs and the relative importance of individual genes in the network. Such network-
level analyses allow us to detect important genes that are not detectable at the single gene
level and help us to understand biological mechanisms at the network level.

2.5. Step 5: Context-Specific Gene Filtering

Step 5 is a filtering step used to address the problem of too many candidate genes
resulting from DEG and network analysis. This large number of candidate genes can hinder
the results interpretation, literature exploration, and identification of candidate genes for
experimental validation. To overcome this problem, step 5 uses contextual information in
the data, i.e., data-driven information such as GO terms or biological pathways that are
significantly enriched in the gene-set-level analysis.

From the results of step 2, we select the top 10 significantly enriched GO terms and
biological pathways from DEGs and filter the network analysis results to include only
genes that belong to these terms. This filtering step reduces the number of candidates
and allows us to identify genes that cannot be identified by DEG analysis alone, through
considering the network information and biological context of the data.

The result of this network-level analysis is a scatterplot that displays the network
propagation score on the x-axis, the betweenness centrality score on the y-axis, and color
coding based on the log2 fold change between the different groups. This scatterplot
helps to identify significant genes within the context-specific gene set under consideration,
providing insights into potential key genes.

In addition, to provide users with a comprehensive overview of gene interactions,
we use Cytoscape.js to visualize the interaction network between these context-specific
genes [24]. This network visualization provides essential interaction information, facili-
tating further analysis and hypothesis generation based on the intricate gene regulatory
relationships.

2.6. Step 6: Result Page Generation

Upon completion of the analysis, the system provides the user with the results via a
web-based interface, culminating in the presentation of the analysis results on a dedicated
web page. This interface is illustrated in Figure 2. The results page consists of several
informative elements, including an analysis results plot, a network visualization, and an
analysis results table.

The following paragraphs describe the contents of each tab in detail. The analysis
results plots, starting with Figure 2A, provide a comprehensive overview of the results.
The bar plot summarizes the results of the enrichment analysis on DEG with user-defined
thresholds. This plot shows the top 10 functional enrichment results for GO categories,
biological processes, cellular components, and molecular functions, as well as two biological
pathways: WikiPathways and KEGG pathways.

The volcano plot places significant DEGs by displaying the log2 fold change of a
gene on the x-axis and the negative logarithm of the p-value on the y-axis. For ease of
use, the top 20 most significant genes are labeled based on their p-value.Some labels may
not be visible if they overlap on the plot, but the user can mouse-over to see the gene
name. Network-level analysis plots visually represent significant DEGs associated with
TFs at the network level. This plot shows the betweenness centrality score and the network
propagation score (NPscore) on the axis, allowing users to identify significant genes within
the network. A heat map showing gene expression patterns is the final plot. The heat map
plot shows gene expression patterns.
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(A)

(B) (C)

Figure 2. Analysis results of TFNetPropX. ((A) Analysis result plots.) A tab that displays the
analysis result as an interactive plot. Even if there is no label, the tooltip for the entity will appear
when the mouse is held over it. ((B) Network visualization.) A tab that visualizes the TF network
results. Clicking on a node gives information about the gene and a link to the NCI gene search page.
((C) Analysis result tables.) This tab shows a table for each analysis result. These can be searched,
sorted, and downloaded in CSV format. Clicking on each term provides a pathway DEG mapping
plot or a link to the term.
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The second tab is the network visualization in Figure 2B, which allows the user to
explore gene regulatory and interaction mechanisms. The result is a TF-TG visualization
network connected by enriched functionally-related DEGs. In addition, by clicking on a
node, the user can check the node-related information, log2FC, NPscore, and centrality
score, and it also provides a link to the NCBI gene search page.

The third tab is the analysis result tables shown in Figure 2C, which allows the user to
view the result in tabular form and download it by exporting it as a CSV file. Six tables
are available to the user, including the DEG analysis results and five enrichment analysis
result tables. It is also possible to search for a specific word in the column. Finally, clicking
on a term in the table will take the user to the relevant link, so that they can immediately
investigate the information associated with the term. The gene is linked to the NCBI link,
the GO term to the AmiGO2 link, and WikiPathways to the WikiPathway website link.
Finally, when the user clicks on a term in the KEGG pathway table, the user can check the
biological function-related genes by displaying an image with DEGs mapped in red in the
KEGG pathway image generated by KEGGAPI.

3. Results

To demonstrate the utility of our system, we performed two informative case studies
using RNA-seq data coupled with TF knock-out experiments. Using RNA-seq data from
GSE179385 and GSE81082 available in the GEO database for TF knock-out and wild-type
samples, our system facilitated analysis from the gene to the network level, providing
valuable insights.

3.1. Case Study 1: GSE179385 Dataset

The GSE179385 dataset investigates how adipocyte hypoxia-inducible factor 2α (HIF2α)
responds to cold [25]. It presents RNA-seq data for thermoneutral and cold exposures with
HIF2α knockout and wild-type mice, each replicated three times. In order to investigate the
role of HIF2α upon cold stress, we utilized cold wild-type and cold knockout raw count
gene expression matrices as the input. We focused on endothelial PAS domain-containing
protein 1 (Epas1), also known as HIF2α, as the knockout TF. Then, we used a log2FC
threshold of 0.2 and a p-value threshold of 0.15.

Figure 3 shows the results of the gene-set-level analysis of our system, where the DEGs
between the KO and WT samples showed a remarkable enrichment in aspects related to
thermogenesis, mitochondrial function, and fatty acid metabolism when exposed to cold
conditions. This suggests that HIF2 may be involved in the regulation of thermogenesis.

To explore the genes associated with the thermogenesis pathway, we selected the
term “thermogenesis” within the table results, to examine the DEG mapping plot on the
KEGG pathway, as shown in Figure 3, accessible via the web interface. Among the DEGs
involved in thermogenesis, the uncoupling protein 1 (Ucp1) was upregulated in the KO
samples. A previous study showed that modulation of the gut microbiota in HIF2α KO
mice primarily stimulated thermogenesis, mainly through the upregulation of Ucp1 in
inguinal adipose tissue [26].

To investigate the interaction between HIF2α and DEGs, we visualized the interaction
network and Figure 4 shows the network-level analysis. In the network-level analysis
plot, certain upregulated candidates had been implicated in thermogenesis in previous
investigations. For instance, the mechanistic target of rapamycin kinase (mTOR) gene holds
pivotal roles in governing adipogenesis, lipid metabolism, and thermogenesis in adipose
tissue [27,28]. The peroxisome proliferator-activated receptor alpha (Ppara) gene regulates
Ucp1 gene expression and is known to be a direct activator of peroxisome proliferator-
activated receptor gamma coactivator 1-alpha (Ppargc1a) [29,30]. Ppargc1a, which was
directly connected with Ppara gene in the network, is known to be a cold-responsive
transcriptional coactivator that drives adaptive thermogenesis, which dissipates energy
as heat in response to cold stress and overfeeding [31]. A previous study suggested that
HIF2α suppresses PKA activity by inducing the expression of miR-3085-3p, resulting in the
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downregulation of protein kinase cAMP-activated catalytic subunit alpha (Prkaca) [25]. It is
also noteworthy that the Prkaca gene is of significant importance at the network level.

Figure 3. Functional enrichment analysis of genes upregulated in KO in the GSE179385 dataset.
Thermogenesis-related terms were highly enriched, and the plot below shows the mapping of KO
DEGs to the Thermogenesis KEGG pathway in red.
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(A)

(B)

Figure 4. Network analysis of the GSE179385 dataset. ((A) Network level analysis plot.) The network
analysis result is displayed in a scatter plot and this reveals that Prkaca is one of the most probable
candidates. ((B) TF Network Visualization using Cytoscape.js.) The network analysis result was
visualized in a network. The connectivity and interactions of Epas1 and its downstream genes can be
easily observed.

3.2. Case Study 2: GSE81082 Dataset

Williams–Beuren Syndrome (WBS) is a genetic condition associated with multiple
symptoms, such as cognitive challenges and craniofacial dysmorphology. It is caused by
a genetic abnormality involving genes in chromosome 7q11.23. The GSE81082 dataset
was used to study the transcriptional landscape of how dysregulation of Gtf2ird1, one
of the genes within a domain of 7q11.23, affects facial dysmorphology using Gtf2ird1
knockout mice.

The DEGs were calculated using DESeq2 and identified using a log2FC cutoff of 0.7
and a p-value cutoff of 0.005; they are visualized using a volcano plot in Figure 5A. Typi-
cally, DEGs are ranked either by fold changes or p-values, to be prioritized for downstream
analysis. The underlying assumption is that the more perturbed genes are the more biologi-
cally important. Therefore, such ranking-based approaches sometimes fail to determine
the phenotypically significant DEGs when the expression changes are noncompetitive.
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Biological phenomena result from the interaction of multiple genes, so the network of genes
can explain complex phenotypes or diseases in many cases [32].

(A)

(B)

Figure 5. Analysis result of the GSE81082 dataset. ((A) Volcano Plot) The DEGs were detected with a
log2 fold change of 0.7 and p-value of 0.005. ((B) Network level analysis plot) The network analysis
result is displayed in a scatter plot and this reveals that Tgfb2 was one of the most probable candidates.

Transforming growth factor beta 2 (Tgfb2) is an inhibitor of cell proliferation and is
known to be involved in intellectual disability and craniofacial defects [33,34]. The network
level analysis suggested this gene as one of the most probable candidates possibly relevant
to the phenotype, as shown in Figure 5B. Similarly, Csrp2, known to promote proliferation
and cell cycle progression when knocked down, also appeared to be prominent in the
network-level analysis result. This gene is known to be downregulated when BEN, one of
the TFII-I family of helix–loop–helix TFs, is upregulated in mouse embryonic fibroblasts,
and GTF2IRD1 is another member of the TFII-I family sharing considerable sequence
and structural similarity with BEN [35,36]. This implies that Csrp2 can be considered a
candidate downstream gene of Gtf2ird1. In Figure 6, in the network visualization tab,
the topological importance is depicted in detail.The aforementioned genes are the direct
target of Gtf2ird1 and their connectivity implies that they may have critical roles in the
development of the phenotype.
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Figure 6. TF Network visualization using the Cytoscape.js. The network analysis result is visualized
in a network. The connectivity and interactions of Gtf2ird1 and its downstream genes can be easily
observed.

4. Discussion

We introduced TFNetPropX, a comprehensive web-based RNA-seq data analysis tool.
The system provides user-friendly access, allowing users to perform gene, gene-set, and
network-level analyses with a single analysis request. This enables easy exploration of
disease-specific genes, gene sets, and gene networks focused on targeted TFs. Two case
studies demonstrated the utility of TFNetPropX in generating biologically meaningful
results. Unlike the existing web tools, our system generates interactive plots of results,
overcoming the limitations of static plots. Additional information about genes, GO terms,
and biological pathways resulting from the analysis is easily obtained by providing a link
to the term’s web page for convenience. In addition, even if there are no KO data, if there
are gene expression data for two classes, such as condition or phenotypic subtype, it is
possible to select the specific TF that the user wants to focus on and perform a biological
analysis of the differences in conditions, focusing on the specific TF. We believe that our
web tool represents a tool that will help researchers who want to obtain and analyze
gene expression data, by facilitating analysis and providing various insights, helping in
biological understanding and developing various biological hypotheses.

Nonetheless, this study has several limitations and areas necessitating enhancement.
There is a trade-off between ease of use and specificity of analysis, which needs to be
improved to allow more detailed analysis options to be easily performed by the user.
Although the running parameters were reduced for ease of use, the user still needs to set
the threshold for DEG identification, and the results will vary depending on this value;
thus, the user needs to find appropriate parameters according to the data. There is also a
need for enhanced network analysis capabilities, potentially including subnetwork features,
network clustering, and comprehensive network information extraction. The integration of
other types of networks is also being considered, such as disease-gene networks, drug-gene
networks, and the integration of multi-omics data with networks. This would provide
more comprehensive information to the user, but it is very challenging to analyze these
heterogeneous networks. Future work should consider these aspects, to further improve
the analytical capabilities and functionality of the system.
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