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Abbreviation Full Form 

3’ UTR 3’-UnTranslated Region 

AD Activating domain / Alzheimer's disease 

AML Acute myeloid leukemia 

bHLH Basic helix-loop-helix domain 

cCRE Candidate regulatory element 

ChIP-Seq 
Chromatin Immunoprecipitation followed by 

Sequencing 

CLEAR elements 
Coordinated Lysosomal Expression and Regulation 

elements 

CiRNA Circular intronic RNA 

CSCs Cancer Stem Cells 

cRE Cis-regulatory element 

DEM Differentially expressed miRNA 

DEG Differentially expressed gene 

DGK Diacylglycerol kinase 

EcircRNA Exonic circular RNA 

EIciRNA Exon-intron circular RNA 

EC Endothelial cell 

FBL Feedback loop 

FFL Feed-forward loop 

GBM Glioblastoma 

GBM TICs Glioblastoma Tumor Initiating Cells 

HUVEC Human Umbilical Vein Endothelial Cells 

IPA Ingenuity Pathway Analysis 

KDM Histone lysine demethylase 

LSD Lysosomal storage disease 

miRNA MicroRNA 

miRNA-Seq MicroRNA Sequencing 

mRNA Messenger RNA 

mRNA-Seq mRNA Sequencing 

MIT/TFE Microphthalmia/Transcription Factor E 
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MITF Microphthalmia-associated Transcription Factor 

ncRNA Non-coding RNA 

NGS Next Generation Sequencing 

NSCLC Non-small cell lung cancer 

Pri-miRNA Primary microRNA 

Pre-miRNA Precursor microRNA 

T-ALL T-cell acute lymphoblastic leukemia 

TCGA The Cancer Genome Atlas 

TF Transcription factor 

TFEB Transcription factor EB 

TFEC Transcription Factor EC 

TFE3 Transcription Factor E3 

TICs Tumor Initiating Cells 

TSS Transcription Start Site 

WHO World Health Organization 

Zip Leucine zipper domain 
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Regulatory networks are fundamental tools for studying complex diseases, as they allow for the 

integration and interpretation of interactions between genes, proteins, and non-coding RNAs, 

providing a systemic view of the molecular mechanisms underlying physiological and pathological 

processes in a living cell. In this thesis, we describe the development and application of a 

bioinformatics pipeline for the study of gene regulatory networks using multi-omics data, in 

humans. The pipeline is applied to two specific cases: the transcription factor TFEB in endothelial 

cell and the epigenetic regulator LSD1 in Glioblastoma. 

 

In the first project, dedicated to the study of the transcription factor TFEB in HUVECs, a regulatory 

network integrating protein-coding target genes and miRNAs was first reconstructed based on ChIP-

Seq data. Various TFEB binding sites were identified in the promoter regions of both genes and pri-

miRNAs, suggesting a direct role of the factor in their transcriptional regulation. The analysis of 

TFEB-bound differentially expressed genes and miRNAs highlighted a final set of 7 key miRNA 

candidates, including miR-222, which is involved in controlling the transition from the G1 to the S 

phase of the cell cycle through the negative regulation of the E2F1 and CDK1 genes. These results 

reveal a novel TFEB-mediated control of endothelial activity via miRNA-dependent post-

transcriptional regulatory circuits, highlighting the importance of non-coding RNAs in modulating 

endothelial function and angiogenesis. 

 

In the second project, we focused on the role of the epigenetic factor LSD1 and its ATF4 cofactor in 

Glioblastoma Tumor Initiating Cells (GBM TICs), using the BT165 cell line, representative of the 

proneural subtype. The integration of LSD1 ChIP-Seq and mRNA-Seq data allowed the identification 

of thousands of genomic regions bound by LSD1, many of which are co-occupied by ATF4. Ingenuity 

Pathway Analysis (IPA) identified miR-124-3p as an upstream regulator, suggesting a model in which 

LSD1 suppresses its expression. Consistently, LSD1 inhibition resulted in increased miR-124-3p levels 

and reduced its target genes, including DNAJC1, CD164, TRIB3, and MAGT1, known to promote 

proliferation, invasiveness, and therapeutic resistance in GBM. Integration of public data (Wang et 

al., 2021) confirmed the downregulation of miR-124-3p in GBM patients, supporting the hypothesis 

of an LSD1–miR-124-3p axis involved in tumorigenesis and the maintenance of stem-like properties. 

A further extension of the analysis allowed the definition of an epigenetic-post-transcriptional 

regulatory network that suggests a cooperative role for non-coding RNAs (miRNAs and circRNAs) in 

controlling LSD1-driven transcriptional programs. 

 



9 

 

A final part of this thesis is dedicated to the presentation of two additional research projects carried 

out during the doctoral period, namely a bioinformatic investigation of the role of diacylglycerol 

kinases in acute myeloid leukemia and a metagenomic analysis of gut microbiota alterations across 

disease progression in an Alzheimer’s disease mouse model. Both the works were based on the 

computational analysis of big omic data. 

 

Overall, the results highlight the value of multi-omics integration strategies in studying regulatory 

networks and infer biological properties of living systems. We confirm the crucial role of non-coding 

RNAs in modulating transcription factor function and the progression of complex diseases such as 

cancer. The developed pipeline therefore represents a useful tool for future investigations aimed at 

identifying novel therapeutic targets and molecular biomarkers, with potential translational 

applications in oncology and vascular disease. 
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3.1 Regulatory network to study disease 

 

Living beings are characterized by a wide variety of molecules, such as proteins, metabolites and 

non-coding RNA, which perform different biological functions. These molecules interact with each 

other through various modalities, including physical interactions, transcriptional induction and 

enzymatic activation.1 The overall set of all these molecular interactions is called interactome, which 

in human is potentially characterized by more than 100,000 molecules, including approximately 

25,000 protein-coding genes, 1000 metabolites and numerous other types of RNA.1,2,3  

Given the complexity and the large number of molecular actors involved in biological processes, an 

effective way to analyze their interactions is represented by networks. This type of approach, known 

as “network medicine”, is widely used in the study of the molecular bases of diseases.1,4 

Furthermore, the development of modern omics technologies, such as genomics, transcriptomics, 

epigenomics, proteomics, metabolomics, and lipidomics, has significantly expanded the amount and 

diversity of available data. The integration of these heterogeneous data through multi-omics 

approaches allows for the construction of complex biological networks, which more accurately 

reflect the reality of biological systems.5,6 

From a mathematical point of view, a network consists of two fundamental components: nodes and 

edges. In the context of biology, nodes represent biological factors, such as proteins, RNAs, 

metabolites, genes, while edges represent interactions between two or more nodes (Figure 3.1A).1,4 

Networks can be direct or indirect, depending on whether the interactions have an explicit 

directionality (for example, in the case of a gene regulating the transcription of another) or not (as 

in the physical interactions between two proteins).6 A key concept in biological networks is the one 

of hubs, nodes with higher number of connections than average, which often play a crucial role in 

the network.2,4 

The human interactome is an example of a scale-free network, characterized by a distribution of the 

number of connections per node that follows a power law distribution, so that most nodes have few 

connections, while a minority, represented by hubs, are highly connected. This type of organization 

is not random and gives robustness to the network, but at the same time makes it vulnerable to the 

loss of hubs.1,4 Figure 3.1B and Figure 3.1C illustrate respectively a scale-free network and a random 

network. 
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Network medicine can be applied to represent and analyze different types of biological networks, 

thus defining specific aspects of the functional organization of cells. The main categories of 

molecular networks include protein–protein interaction (PPI) networks, in which nodes represent 

proteins linked by direct physical interactions; metabolic networks, in which nodes correspond to 

metabolites that are connected if involved in the same biochemical reactions; and regulatory 

networks, which establish directional relationships between transcription factors (TFs) and target 

genes, or between modifying enzymes, such as kinases, and their substrates, through post-

translational mechanisms. Another class of networks is constituted by non-coding RNA networks, in 

particular those involving microRNAs (miRNAs) and circular RNAs (circRNAs), known for their role in 

the post-transcriptional regulation of gene expression. These networks allow to integrate 

information on RNA–mRNA, RNA–DNA and RNA–protein interactions, broadening the 

understanding of complex molecular mechanisms.1,2 

Figure 3.1. Representation of biological networks and their topological properties. (A) Example of a possible 

biological network representing different type interactions of biological molecules. Nodes represent various 

biological factors, such as genes (green), miRNA (blue), proteins (orange), and metabolites (yellow). Edges 

represent different types of interactions: transcriptional induction (black arrow), transcriptional inhibition 

(black blunt arrow), physical interaction (red line), and enzymatic activation (light blue line). 

(B) Example of a scale-free network, typical of biological networks. It is characterized by a power-law degree 

distribution in which most nodes have few connections while a few nodes, called hubs (highlighted in blue), 

are highly connected. 

(C) Example of a random network in which edges are distributed randomly among nodes, leading to a more 

uniform degree distribution and the absence of highly connected hubs. (Image created with BioRender). 
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The use of disease networks has found numerous applications in the study of complex diseases, 

including for example neurodegenerative disorders and cancer, thus providing a characterization of 

the altered molecular modules and regulatory mechanisms underlying the disease 

phenotypes.7,8,9,10 

 
 

3.2 Multilevel regulatory network 

 

In this work, we developed a pipeline based on the construction and analysis of complex regulatory 

networks in cancer, derived from the integration of epigenomic and transcriptomic data, with a 

specific focus on gene regulation mechanisms mediated by epigenetic factors and non-coding RNAs, 

including miRNAs and circRNAs. This multilevel approach is particularly suitable for the study of 

complex mechanisms implicated in tumorigenesis, thus allowing the integration of different sources 

of regulation acting on interconnected levels of gene expression. 

Gene regulation is a complex process mediated by numerous elements including TFs and non-coding 

RNAs, such as miRNAs. TFs exert their function by binding to specific DNA sequences in gene 

promoters, thereby modulating the expression of target genes through transcription activation or 

repression. Instead, microRNAs regulate gene expression at the post-transcriptional level, acting 

mainly as repressors of the expression of their targets.11,12  

Given the multilevel and interconnected nature of these interactions, a widely used approach to 

describe them is represented by the construction of regulatory networks, in particular feed-forward 

loops (FFLs). In these models, a TF can directly regulate a miRNA and, together with it, a common 

target gene.12,13,14 Depending on the main regulatory node, different types of FFL can be 

distinguished: in the TF-FFL, the TF represents the main regulator and controls both the partner 

miRNA and the common target gene; in miRNA-FFL, instead, the miRNA plays the central role, 

regulating the TF and their shared target; finally, in the composite FFL, TF and miRNA regulate each 

other, establishing a more complex cross-regulatory network (Figure 3.2).  

In addition to FFL, feedback loops (FBL) can also be observed, in which, for example, a TF activates 

a miRNA that in turn inhibits it, generating a self-regulatory circuit.  

These regulatory network models, based on the interaction between TFs and miRNA, have been 

widely used in the study of several tumors, including acute myeloid leukemia (AML), T-cell acute 

lymphoblastic leukemia (T-ALL), breast cancer and glioblastoma (GBM).14 
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Figure 3.2. Feed forward loop examples. TF is depicted with a green triangle, miRNA with a purple diamond, 
target gene with a blue rectangle. (A) Feed forward loop centered on transcription factor. (B) Feed forward 
loop centered on miRNA. (C) Composite feed forward loop. (Image adapted from Zhang et al., 2015; Image 
created with BioRender). 

 

 

3.2.1 Transcription factors and ChIP-Seq analysis 

 

TFs are key elements in the regulation of gene expression, which bind to short DNA sequences called 

cis-regulatory elements (cREs), usually located in the promoter regions of genes or in distal regions 

such as enhancers. In particular, TFs can act as activators binding to specific DNA region present, for 

example, in the promoter of a gene, thus allowing the recruitment of RNA polymerase II, which is 

necessary for the initiation of transcription (Figure 3.3A). Some TFs can also interact with 

corepressors and thus inhibit transcription.15,16,17 

Each TF is characterized by its own binding motif, which is a specific sequence recognized on the 

DNA. These motifs are collected in databases such as JASPAR and ENCODE, where they are 

represented in the form of a logo sequence, characterized by a score indicating the probability of 

binding for each base.18,19,20 

TF dysregulation could be associated with tumorigenesis. In particular, they can contribute to 

pathological processes such as metastasis, uncontrolled cell proliferation, angiogenesis, genomic 

instability and metabolic alterations. For this reason, it is essential to study the mechanisms of gene 

regulation mediated by TFs, since their alteration may represent a primary cause in the onset and 

progression of different types of cancer. Understanding these mechanisms and the binding sites to 

which TFs bind may pave the way for the development of targeted drugs, with potential therapeutic 

applications.17,21,22 
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One of the most used techniques to identify the binding sites of transcription factors in the genome 

is the Chromatin Immunoprecipitation followed by Sequencing (ChIP-Seq), which allows to map with 

high resolution the interactions between proteins and DNA within chromatin.14,16 

Furthermore, ChIP-Seq can also be used to identify modified histone regions, such as acetylated or 

methylated ones, which are indicators of actively transcribed or silenced chromatin. 

ChIP-Seq is based on the combination of chromatin immunoprecipitation followed by high-

throughput sequencing. The experimental procedure involves the crosslinking of the TF of interest 

to DNA, fragmentation of chromatin, and immunoprecipitation using a TF-specific antibody. The 

recovered DNA fragments are then purified and subjected to high-throughput sequencing. 

Bioinformatic analysis of a ChIP-Seq is composed of some key steps: the sequenced reads are aligned 

to the reference genome using software such as Bowtie, Bowtie2, or BWA, and the output is a SAM 

or BAM (compressed binary SAM) file, containing alignment information for each read. The next 

step is peak calling, which allows the identification of enriched peaks to the reference genome 

(Figure 3.3B).23,24 

The resulting peaks encompass different regions of the genome, which may include promoters of 

protein-coding genes and non-coding RNAs, such as miRNAs, enhancer regions, etc. To understand 

whether a miRNA or a protein-coding gene is positively or negatively regulated by a TF, it is 

interesting to see from a transcriptional point of view how their expression changes, through a 

miRNA-Seq and RNA-Seq analysis, respectively. 
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 3.2.2 Non-coding RNA: miRNAs and circRNAs 

 

Protein-coding genes represent approximately 1.5% of the human genome and for a long time, 

research attention was focused almost exclusively on proteins, while large portions of non-coding 

DNA were considered "junk DNA". In recent years, however, the crucial role played by these non-

coding regions, in particular non-coding RNAs (ncRNAs), in the regulation of gene expression and 

epigenetic mechanisms has become increasingly relevant.  

NcRNAs are divided into two main categories: short non-coding RNA (such as miRNAs and piwi-

interacting RNAs) and long non-coding RNAs (such as lncRNAs and circRNAs). These regulatory 

molecules are involved in various cellular processes, acting through different mechanisms, such as 

translation inhibition, modulation of transcription or interaction with other biomolecules.25,26,27 

Numerous studies have shown that ncRNAs also play a significant role in tumorigenesis: alterations 

in their expression or function have been associated with both the activation of oncogenes and the 

inhibition of tumor suppressor genes.27 

Short non-coding RNA, such as miRNAs, could be profiled with microRNA Sequencing (miRNA-Seq), 

in which, since these molecules are typically 18–24 nucleotides long, small-RNA library preparation 

protocols include size selection and specialized adapter ligation steps to ensure selective 

enrichment of short RNA species and accurate quantification of miRNA expression. 

Figure 3.2. Transcriptional activation mechanism and ChIP-seq workflow. (A) Example of transcriptional 
activation mediated by transcription factor binding to the promoter of a gene, resulting in recruitment of 
RNA polymerase II and initiation of transcription, which leads to the synthesis of nascent mRNA. (B) 
Experimental phase of ChIP-seq, in which the transcription factor is stabilized on DNA by crosslinking with 
formaldehyde, followed by immunoprecipitation using an antibody specific for the factor itself. The bound 
DNA is then purified and sequenced. In the subsequent bioinformatics analysis phase, the reads are aligned 
to the reference genome and peak calling is performed to identify the binding sites of the transcription factor 
on a genome-wide scale. (Image created with BioRender). 
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In this thesis work we focused on the analysis of miRNAs and circRNAs to investigate respectively 

their target genes and target miRNAs, using a miRNA-Seq and high sequencing depth RNA-Seq 

analysis. In the first project described in this thesis work we focused only on miRNAs, while in the 

second project we focused on both miRNAs and circRNAs. 

 

miRNAs are short non-coding RNA of 19-25 nucleotides length, that play a pivotal role in the 

epigenetic regulation of gene expression. They bind to the 3’-UnTranslated Region (3’-UTR) of target 

mRNAs, thus inhibiting gene expression through mRNA destabilization or translational inhibition.12 

The 3’ UTR of 60% of human protein-coding genes is characterized by miRNAs-binding sites, 

meaning that miRNAs are involved in several cellular pathways like differentiation, metabolism, 

proliferation, development, apoptotic cell death, viral infection, and oncogenesis.28 

The miRNAs sequences are scattered throughout the human genome and approximately 1,900 

human miRNAs loci are annotated on miRBase: they can be in non-coding regions, in exonic or 

intronic regions of protein-coding genes, and quite often different miRNAs loci are close each other 

forming polycistronic transcription unit.29,30 

miRNA biogenesis (Figure 3.4) occurs mainly through a canonical pathway, which involves a complex 

multi-step process: the miRNA is first transcribed in the nucleus by the RNA polymerase II, giving 

rise to the primary miRNA (pri-miRNA), a non-coding RNA usually more than 1 kb long. Pri-miRNA is 

subjected to a first maturation process into the nucleus, operated by the Microprocessor complex 

(Drosha and DGCR8), forming the precursor miRNA (pre-miRNA) with a hairpin like structure. The 

pre-miRNA is exported by Exportin-5 (XPO5) inside the cytoplasm, where it is processed by the Dicer 

enzyme, an RNase III endonuclease. Dicer enzyme cleaves the pre-miRNA hairpin structure near its 

terminal loop, generating the double-stranded miRNA duplex composed of the mature miRNA 

strand and its complementary passenger strand. One strand of the duplex, known as the guide 

strand, is selectively incorporated into Argonaute (AGO) proteins within the RISC complex, while the 

passenger strand is typically degraded. The mature miRNA in RISC mediates gene silencing through 

mRNA cleavage or translational repression.12,28,29,30,31 

In addition to the canonical miRNA biogenesis pathway, non-canonical pathways have also been 

described30,31, which increase the complexity of their processing and allow the generation of 

miRNAs independently of the Drosha enzyme, thus bypassing the action of the Microprocessor 

complex (Drosha-DGCR8). An example is represented by mirtrons, derived from debranched introns 

that, once removed by splicing, assume a secondary conformation similar to that of canonical pre-



18 

 

miRNAs. These are recognized as pre-miRNAs and are exported via XPO5 into the cytoplasm, where 

they undergo processing by the Dicer enzyme, similarly to what occurs in the canonical pathway.  

There are also pre-miRNAs that are generated directly as primary transcripts by RNA polymerase II 

and that have a 5' cap. These precursors are directly exported into the cytoplasm via the Exportin-1 

(XPO1) and processed by Dicer to generate mature miRNAs.  

Finally, other ncRNAs, such as some snoRNAs (small nucleolar RNAs) and tRNAs, can act as 

alternative miRNA precursors even in the absence of canonical Drosha-mediated processing. 

 

 

Figure 3.3. Canonical and non canonical miRNA biogenesis. In the canonical biogenesis pathway, the 
enzymes Drosha and Dicer act sequentially: Drosha processes the nuclear pri-miRNA into pre-miRNA, while 
Dicer, in the cytoplasm, converts the pre-miRNA into a miRNA duplex. This is then incorporated into the RISC 
complex, which guides the mature miRNA toward its targets, inducing mRNA cleavage or translation 
inhibition. 
In the non-canonical pathways Drosha enzyme is bypassed: the non-canonical precursor is directly 
recognized by Dicer, which still generates a functional miRNA duplex. Also in this case, the output converges 
in the canonical pathway, with loading into the RISC and post-transcriptional regulation of target genes. 
(Image adapted from Kim et al., 2025; Image created with BioRender). 
 
 

circRNAs are a particular class of long non-coding RNAs, characterized by a ring structure resulting 

from a process known as back-splicing. In this mechanism, the 5' end of an exon is joined to the 3' 
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end of the same or another upstream exon, resulting in the formation of a circular molecule. Unlike 

linear RNAs, circRNAs do not have a 5' capped end or a 3' polyadenylated tail.32,33,34,35,36 This circular 

conformation gives them high stability, making them less susceptible to degradation by cellular 

exosomes. For this reason, a progressive accumulation of circRNAs is observed with age, even if 

their synthesis occurs at a relatively slow rate.33,36 

Based on their biogenesis and composition, circRNAs can be divided into three main 

categories33,35,36,37 (Figure 3.5):  

1. Exonic circRNAs (EcircRNAs): consisting exclusively of one or more exons (usually one to 

five). They represent over 80% of identifying circRNAs and are predominant in most human 

cells.  

2. Circular intronic RNAs (ciRNAs): containing exclusively intronic sequences and deriving from 

introns that are not properly eliminated during the canonical splicing process.  

3. Exon-intron circRNAs (EIciRNAs): comprising both exonic and intronic sequences.  

circRNAs perform a wide range of cellular functions, mainly acting as “sponge” for miRNAs. By 

binding complementarily to miRNAs, circRNAs inhibit their activity, thus preventing the 

downregulation of target genes mediated by miRNAs themselves. In addition to this function, recent 

studies have shown that circRNAs can also bind to proteins, acting as a “sponge protein”, and alter 

gene expression by regulating the activity of protein-coding genes. These interactions place circRNA 

at the center of the epigenetic regulation process.33,34,35,36,37 

Given their ability to interact with miRNAs and regulatory proteins, circRNAs are involved in 

numerous pathological processes, particularly in tumors.36,37 For example, circRNAs that bind tumor 

suppressor miRNAs can activate genes that promote tumor cell growth and survival, while those 

that sequester oncogenic miRNAs can have protective effects, restoring genes that control 

apoptosis and cell division. Furthermore, circRNAs can interact with regulatory proteins, modifying 

gene activity and signaling pathways often altered in cancer. Numerous scientific evidence 

documents a key role in several forms of tumors, including breast cancer, cervical cancer, colorectal 

cancer, gastric cancer, hepatocellular carcinoma, lung cancer, osteosarcoma, ovarian cancer, renal 

cell carcinoma and skin cancer.35  

In this thesis, we focused on glioblastoma (second project), analyzing the role of circRNAs as miRNA 

sponges, in order to identify which miRNAs are sequestered and inhibited by specific circRNAs 

potentially involved in the progression of this neoplasm. 
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 3.2.3 Protein coding genes and transcriptomic analysis by mRNA-Seq 

 

After analyzing the main regulators of gene expression, such as TFs through ChIP-Seq and miRNAs 

through miRNA-Seq, it is essential to also consider protein-coding genes, which represent the final 

targets of these regulatory pathways. The analysis of the expression of these genes through mRNA 

Sequencing (mRNA-Seq) allows the evaluation of the overall functional effect of transcriptional and 

post-transcriptional regulatory mechanisms, providing an integrated view of gene control in 

different biological conditions.  

mRNA-Seq is a technique based on Next Generation Sequencing (NGS) that allows both qualitative 

and quantitative measurement of the transcriptome, thus defining the set of messenger RNAs 

(mRNA) present in a cell at a given time. In this way, it is possible to determine whether a gene is 

actually expressed and at what level, in a specific biological context. 

This method has revolutionized the study of the transcriptome, proving particularly useful in the 

oncology field. In fact, it allows the identification of genes differentially expressed between cells in 

normal conditions (wild type) and tumor cells. This has opened new perspectives in the study of 

cancer, contributing to the development of precision medicine. Thanks to the analysis of the 

transcriptome, it has been possible to distinguish different tumor subtypes and identify specific 

therapeutic targets, favoring the development of targeted drugs.38 

 

Figure 3.4. circRNA biogenesis and classification. circRNAs originate from a back-splicing process and are 
divided into three main categories, illustrated in the figure. EcircRNAs are made up exclusively of exons: in 
the first example on the left, a single exon circRNA is shown, consisting of only exon 1 (colored in blue), while 
immediately next to it is shown a multi-exon circRNA, which includes exons 1 and 2. Proceeding from left to 
right, there is an example of EIcircRNA, containing both exons (exon 1 and exon 2) and an intron, indicating 
a mixed structure. Finally, the ciRNA, consisting exclusively of introns, is represented in the image as a circular 
structure with a thinner gray line. (Image adapted from Pisignano et al., 2023. Image created with BioRender). 
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3.3 Regulatory network in endothelium 

 

Endothelial cells (ECs) cover the inner surface of blood vessels and play a crucial role in numerous 

biological processes, including vascular development, inflammation, coagulation, and angiogenesis. 

A widely used model for studying endothelial function is represented by HUVEC (Human Umbilical 

Vein Endothelial Cells), primary cells isolated from the human umbilical vein. These cells retain the 

functional characteristics of endothelial cells and are therefore used in research for studying various 

pathologies, including cardiovascular disease, inflammatory processes, cancer, metabolic and 

neurological disorders.39,40 

In the first project of this thesis, we analyzed the regulatory networks in a HUVEC model with the 

aim of understanding the role of the transcription factor TFEB in the regulation of protein-coding 

genes and miRNAs.41 

 

 

3.3.1 TFEB 

 

Transcription factor EB (TFEB) is a transcription factor belonging to the 

Microphthalmia/Transcription Factor E (MiT/TFE) family, which also includes three other factors: 

Microphthalmia-associated Transcription Factor (MITF), Transcription Factor EC (TFEC), and 

Transcription Factor E3 (TFE3). All members of this family are characterized by the presence of two 

conserved domains: the basic helix–loop–helix (bHLH) domain and the leucine zipper (Zip) domain, 

which derive from a common ancestor that emerged through gene duplication events.42,43,44 

Specifically, TFEB consists of 476 amino acids and shares with other family members the bHLH and 

Zip domains, which are essential for the formation of homodimers and heterodimers with MITF, 

TFE3, or TFEC. It also shares with MITF and TFEC the activating domain (AD), which is essential for 

the regulation of gene expression. TFEB also exhibits a glutamine-rich domain, which contributes to 

the recruitment of transcription coactivators, and a proline-rich domain, which confers structural 

rigidity to the protein and may facilitate specific interactions with other regulatory factors.43,44 In 

Figure 3.6A is depicted TFEB structure. 

TFEB is normally found in the cytoplasm of cells in an inactive state and is rapidly degraded. 

However, following post-translational modifications, such as dephosphorylation and acetylation, it 

translocates to the nucleus where it binds to the promoter regions of target genes containing 

Coordinated Lysosomal Expression and Regulation (CLEAR) elements, thereby activating the 
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transcription of these genes (Figure 3.6B).43,44,45,46 The genes targeted by TFEB are associated with 

various biological processes such as lysosomal catabolic activity, autophagy, exo- and endocytosis, 

and phagocytosis, thereby influencing cellular degradative processes and intracellular clearance.43,47 

Beyond its role in degradative pathways, TFEB also influences cell division and motility, metabolism, 

aging, immune responses, and vascular development, and it is involved in various sets of diseases, 

such as cancer, lysosomal storage diseases (LSDs), neurodegenerative diseases, metabolic disorders, 

and cardiovascular diseases.44,48,49,50,51,52,53 

Mutations and alterations in TFEB expression were initially identified in renal cell carcinoma, 

pancreatic cancer, and melanoma, where they are associated with abnormal regulation of the cell 

cycle, metabolism, and tumor microenvironment. Subsequent evidence has also highlighted TFEB 

involvement in other malignancies, such as colorectal cancer, gastric cancer, non-small cell lung 

cancer (NSCLC), and breast cancer. Furthermore, TFEB may contribute to tumor angiogenesis, 

promoting the formation of new blood vessels necessary for the supply of oxygen and nutrients to 

the tumor, thus promoting tumor growth and metastatic spread.54,55 

 

Figure 3.6. TFEB structure and mechanism of regulation. (A) Schematic representation of TFEB structure 
characterized by glutamine-rich domain, AD, bHLH, Zip and proline-rich domain. (B) TFEB regulatory 
mechanism. When acetylated or dephosphorylated, TFEB translocates from the cytoplasm to the nucleus, 
where it binds to CLEAR elements and activates the transcription of target genes. Conversely, when 
deacetylated or phosphorylated, nuclear translocation is inhibited, and consequently, TFEB is unable to 
activate gene expression. (Image created with BioRender). 
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3.3.2 TFEB in endothelium 

 

TFEB plays a key role in regulating endothelial cells, influencing crucial processes such as 

angiogenesis, inflammatory response, and the progression of atherosclerosis. These functions make 

it a promising target for the development of new drugs in future vascular therapies.56 

Studies conducted on embryos and neonatal mice suggest that TFEB plays a key role in vascular 

endothelial development. Specifically, TFEB has been shown to directly modulate the promoter 

region of the cyclin-dependent kinase 4 (CDK4) gene, which is involved in cell cycle progression, and 

regulate the expression of vascular endothelial growth factor receptor 2 (VEGFR2) through the 

control of the miR-15a/16-1 cluster, highlighting a possible mechanism of miRNA-mediated gene 

regulation.50 

To further explore TFEB's involvement in miRNA regulation in endothelial cells, in this thesis we used 

the HUVEC cell model, a widely recognized model for studying endothelial function. The results 

obtained show that TFEB is indeed capable of regulating the expression of specific mRNAs and 

miRNAs in HUVEC.41 
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3.4 Regulatory network in Glioblastoma 

 

Glioblastoma multiforme (GBM) is a primary aggressive malignant tumor of the central nervous 

system, originating from neuroglial cells and with the ability of invading the brain 

parenchyma.57,58,59,60 The most commonly affected sites are the temporal lobe (33% of cases) and 

the frontal lobe (32% of cases) of the brain.60 

According to the latest World Health Organization (WHO) classification, GBM is considered a grade 

IV glioma and includes only tumors with wild-type IDH status, meaning that the IDH1 and IDH2 genes 

are not mutated. In contrast, gliomas with IDH mutations, typically harboring a single (heterozygous) 

point mutation, are now classified as astrocytomas, regardless of histological characteristics.61 

Although a rare tumor, GBM is the most common and most aggressive form of malignant tumor of 

the central nervous system, with a higher incidence in men than women (4.07 cases per 100,000 

population),62 and diagnosis occur predominantly in individuals over the age of 65.60,63 

Despite aggressive treatment, which includes surgical resection followed by radiotherapy and 

adjuvant chemotherapy with temozolomide, median survival remains extremely low, ranging 

between 12 and 15 months. For this reason, understanding the molecular mechanisms and 

pathways involved in the pathogenesis of GBM is crucial for the development of more targeted and 

effective therapies, with the aim of improving prognosis and patient survival.58,59,60,63 

Large-scale multi-omic studies, such as those performed by The Cancer Genome Atlas (TCGA) 

project and the analysis conducted by Wang et al., 2021, have highlighted profound heterogeneity 

in GBM at the genomic, epigenetic, transcriptomic, and proteomic levels.64 Specifically, genomic 

analyses have identified three main molecular pathways frequently altered in glioblastoma: RTK, 

p53, and RB. Alterations in the RTK (Receptor Tyrosine Kinase) pathway promote cell survival and 

proliferation; mutations in the TP53 gene impair apoptosis mechanisms, promoting cell invasion and 

migration; dysfunction of the RB pathway leads to deregulation of the cell cycle, contributing to the 

uncontrolled proliferation of tumor cells (Figure 3.7). In summary, the coordinated disruption of 

these three fundamental pathways underlies the tumorigenic process of GBM.59 

Another level of complexity is related to transcriptomics, which has allowed GBM to be classified 

into three distinct molecular subtypes: proneural, mesenchymal, and classical. 

The proneural subtype is characterized by a molecular profile like that of oligodendrocytes, with the 

expression of specific genes such as DLL3, PDGFRA, OLIG2, SOX, DCX, ASCL1, and TCF. This subtype 

is more common in young patients and shows a poor response to conventional therapies. After 
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relapse, it may undergo a transformation to the mesenchymal subtype, following downregulation 

of PTEN and knockdown of NF1. 

The mesenchymal subtype presents markers typical of astrocytes and angiogenesis, with mutations 

in the NF1 gene and alterations in the AKT and NF-kB pathways. It is characterized by a greater 

infiltration of immune cells, such as M1 and M2 macrophages and glial cells, which is the reason 

why patients belonging to this subtype respond better to immunotherapy. 

Both the proneural and mesenchymal subtypes possess stem cell characteristics, due to the 

presence of Tumor Initiating Cells (TICs), which are responsible for treatment resistance and relapse 

in patients. 

The classical subtype, unlike the proneural and mesenchymal subtypes, does not present stem cell 

characteristics and is instead defined by amplification of the EGFR gene and deletion of CDKN2A.65 

 

 

 

3.4.1 Glioblastoma tumor initiating cells 

 

Cancer Stem Cells (CSCs) or Tumor Initiating cells (TICs) have been identified in numerous tumor 

types and exhibit stem-like and self-regenerative properties, allowing the regeneration of tumor 

mass even after aggressive chemotherapy. Two main theoretical models explain their origin: the 

stochastic model and the hierarchical model. According to the stochastic model, differentiated 

tumor cells, following the accumulation of genetic mutations, can undergo a process of 

Figure 3.7. Deregulated pathways in GBM. Schematic representation of the three main pathways altered 
in GBM. (Image created with BioRender). 
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dedifferentiation, acquiring stem-like characteristics; whereas the hierarchical model hypothesizes 

that accumulation of genetic mutations in normal stem cells cause the transformation into cancer 

stem cells, giving rise to a subpopulation resistant to therapies. These cells are therefore responsible 

for the recurrences observed in cancer patients, making their study crucial for the development of 

drugs aimed at their eradication.66,67 

Cell subpopulations with these characteristics, named Glioblastoma Tumor Initiating Cells (GBM 

TICs), have also been identified in GBM. These subpopulations are thought to be responsible for 

frequent relapses despite the use of aggressive therapies and are also responsible for reduced 

patient survival. Indeed, in murine xenografts, a high number of TICs correlates with reduced 

survival.68 

The main signaling pathways involved in the survival and proliferation of GBM TICs, and underlying 

the high heterogeneity of this tumor, are Wnt/β-catenin, PI3K/AKT, and Notch.69,70 

Surface biomarkers commonly associated with these cells include CD133, CD44, CD15, and CD36, 

while transcription factors include SOX2, OCT-4, NANOG, and PAX6. These elements underscore the 

crucial role of epigenetic mechanisms in the maintenance of TICs.70 Recently, LSD1 (also known as 

KDM1A) emerged as an important epigenetic regulator responsible for the maintenance and 

survival of GBM TICs.71 

 

 

3.4.2 LSD1 

 

Histone lysine demethylases (KDMs) were discovered about twenty years ago and comprise eight 

families, divided into two main classes: FAD-dependent amine oxidases and JmjC domain-containing 

enzymes. 

The first class includes only the KDM1 family, consisting of the LSD1 (KDM1A) and LSD2 (KDM1B) 

epigenetic factors, which require FAD as a cofactor to carry out the demethylation reaction. All other 

families belong to the Jumonji C domain (JmjC) enzymes class, which depend on Iron (II) and α-

ketoglutarate for their catalytic activity.72,73 

In the second project of this thesis work, we focused specifically on the epigenetic factor LSD1, 

which plays a key role in the maintenance and survival of GBM TICs, that are responsible for the 

frequent relapses observed in GBM patients. 

LSD1 is a protein composed of 852 amino acids and structurally organized into three functional 

domains:  
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▪ the SWIRM domain, which is located at the end of the N-terminal and mediates LSD1's 

interaction with other proteins;  

▪ the AOL domain, responsible for the catalytic activity;  

▪ the Tower domain, which interrupts the AOL domain and allows interaction with LSD1 

cofactors (Figure 3.8A).74,75 

LSD1 can form complexes with various mediators including protein complexes, receptors, long 

noncoding RNA, microRNAs, non-histone substrates, and transcription factors. Depending on the 

context and the molecular partners involved, when LSD1 demethylates histone proteins can act as 

either an activator or a repressor of target gene transcription (Figure 3.8B). 

In addition to histones, LSD1 can also demethylate several non-histone proteins, such as p53, 

MYPT1, DNMT1, STAT3, E2F1, MEFD2, MTA1, ERα, HSP90, HIF-1α, and AGO2.75,76 

 

 

Figure 3.8. LSD1 structure and mechanism of regulation. (A) Schematic representation of LSD1 structure 
with the SWIRM domain, AOL domain separated by Tower domain. (B) Based on the partner LSD1 can 
activate or repress gene transcription. When LSD1 interacts with CoREST, CtBP and NuRD proteins 
demethylates H3K4me1/2 repressing gene transcription, whereas if it collaborates with the androgen or 
estrogen nuclear receptors demethylates H3K9me1/2 activating gene transcription. (Image adapted from 
Gu et al., 2020; Image created with BioRender). 
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This wide variety of substrates translates into remarkable functional heterogeneity, linking LSD1 to 

processes such as stemness maintenance, differentiation, cell motility, epithelial-mesenchymal 

transition, autophagy, senescence, neurodegenerative diseases, and metabolism.76 Numerous 

studies have also demonstrated its involvement in various tumor types. In particular, in GBM it is 

essential for GBM TIC survival, making it a highly attractive therapeutic target: its eradication could 

reduce relapses and increase patient survival. 

Indeed, both genetic and pharmacological inhibition of LSD1 with the oral LSD1 inhibitor 

DDP_38003, are associated with a reduction in the stemness and self-renewal capacity of GBM TICs. 

In PDX models of GBM, LSD1 inhibition reduces tumor growth and blocks stemness, exerting 

significant antitumor effects.71 LSD1 inhibitors therefore represent a promising strategy for the 

treatment of GBM, as demonstrated by several ongoing studies.77,78 

A global transcriptomic analysis of LSD1-silenced GBM TICs conducted by Faletti et al., 2021, which 

are an example of proneural subtype, highlighted the deregulation of numerous genes involved in 

the integrated stress response (ISR), crucial for cell survival under stressful conditions. These include 

ASNS, CHAC1, DDIT3/CHOP, GFG15, NARS, PSAT1, SLC7A11, TRIB3, and XPOT, also known as targets 

of the transcription factor ATF4. Inhibition of LSD1 also reduces ATF4 activation, confirming ATF4 

role as an LSD1 cofactor.71 

The work conducted by Faletti et al., 2021 revealed that LSD1 plays a key role in the maintenance 

of GBM TICs, and the protein-coding genes regulated by LSD1 have also been identified.71 Based on 

these findings, in the second project of this thesis, we focused on analyzing LSD1 ChIP-Seq data to 

identify not only the protein coding genes regulated by the enzyme, but also potential miRNAs 

involved in regulatory networks. 

This observation led to the hypothesis that LSD1 may act not only on coding genes but also on non-

coding RNAs, particularly miRNAs and circRNAs. In the absence of miRNA-Seq and circRNA-Seq data 

for the GBM TICs model, we therefore extended the analysis to the proneural subtype of GBM 

patients, with the aim of identifying specific ncRNAs potentially regulated by LSD1. We finally built 

a network of interactions to better understand their functional correlations, integrating the data 

with public resources obtained from Wang et al., 202164 to add a broader and clinically relevant 

perspective. 
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4. AIM OF THE STUDY 
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Understanding complex biological diseases, such as cancer, is particularly challenging due to the 

multitude of molecular factors involved and the need to integrate information across different levels 

of omics investigation (genomics, transcriptomics, proteomics, metabolomics, lipidomic, and 

epigenomics). The analysis of each dataset provides only a partial view, whereas their integration 

represents a crucial step to more precisely identify the regulatory mechanisms and molecules 

implicated in the disease. In this context, biological networks emerge as an effective tool both for 

integrating heterogeneous data and for intuitively visualizing the underlying molecular interactions. 

 

The primary objective of this thesis is to develop a reproducible and flexible bioinformatics pipeline 

capable of integrating data from different omics levels to construct regulatory networks mediated 

by transcription factors and ncRNAs, applying it in two distinct research projects. 

 

The first project involved the study of the epigenetic factor TFEB in HUVEC cells, a widely used 

endothelial model for investigating key biological processes such as angiogenesis, lysosomal 

biogenesis, and cancer. The aim of this project was to investigate the role of TFEB in HUVEC, by 

integrating ChIP-Seq, miRNA-Seq, and mRNA-Seq data to construct a regulatory network linking 

TFEB, the miRNAs it regulates, and their target genes expressed. This approach provided a 

representation of the potential TFEB-mediated regulation of miRNAs, a still underexplored aspect, 

particularly in endothelial systems. 

 

The second project, developed in collaboration with Professor Giuliana Pelicci's group at the IEO, 

focused on glioblastoma (GBM). Based on a previous work by Faletti et al., 2021, it emerged that 

LSD1 plays a key role in the maintenance of GBM TICs, tumor cells with stem-like characteristics and 

involved in the continuous relapses of patients, which derive from a patient with the proneural 

subtype. Furthermore, it was possible to identify the protein-coding genes regulated by LSD1. Based 

on these results, the primary objective of this second project was to identify not only the protein 

coding genes regulated by LSD1 in cooperation with ATF4, but also a candidate miRNA potentially 

involved in the regulatory network and its target genes, through mRNA-Seq and LSD1 ChIP-Seq 

analysis performed in GBM TICs. 

Starting from this observation, our hypothesis is that LSD1 may regulate not only protein-coding 

genes, but also ncRNAs, particularly miRNAs and circRNAs. However, in the absence of miRNA-Seq 

and circRNA-Seq data in the same cell model used by Faletti et al., 2021, we extended the analysis 

to public data from GBM patients obtained from a study conducted by Wang et al., 2021, focusing 
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only on the proneural subtype. The goal was to identify specific ncRNAs (miRNAs and circRNAs) 

potentially regulated by LSD1. To this end, we constructed a network of interactions to better 

understand their functional correlations and include a broader and more clinically relevant 

perspective. We also assessed the presence of LSD1 around the promoter region of these ncRNAs. 

 

The common thread of both projects is therefore the construction and application of a 

bioinformatics pipeline aimed at multi-omics integration for the identification of regulatory 

networks mediated by transcription factors. This approach not only provides versatile and 

reproducible tools for different biological contexts but also contributes to elucidating the molecular 

mechanisms underlying complex diseases such as cancer, highlighting the role of transcription 

factors and ncRNAs as central regulatory nodes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



32 

 

 

 

5. MATERIALS AND METHODS 
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5.1 Computational environment: Linux and programming languages 

 

This thesis project was conducted using a bioinformatics approach. Specifically, it was developed in 

a computing environment based on the Ubuntu Linux operating system, widely used in 

computational biology for the development and execution of bioinformatics software. Linux, an 

open-source distribution derived from Unix, provides a flexible and tool-rich platform for processing 

complex data and allows the integration of various programming languages through the shell. 

This project primarily employed Perl, Python, and R, each chosen for its unique characteristics in 

data manipulation and analysis. 

Perl, particularly effective at handling strings, was used for the manipulation and parsing of ASCII 

files. 

Python, using widely used scientific libraries such as NumPy and pandas, was used for processing 

text files and managing data in matrix format. 

Finally, R was used as a statistical and graphical platform for data analysis, particularly for 

performing statistical tests and creating graphical representations such as heatmaps and volcano 

plots, which are essential for the biological interpretation of the results. 

 

 

5.2 Promoter definition of genes and miRNAs 

 

One of the goals of both the projects of this thesis was to identify the genes and miRNAs 

characterized by the presence of transcription factors in proximity to their promoter region. Indeed, 

the presence of binding sites or peaks in these regions increases the probability that a specific 

transcription factor can effectively regulate the expression of that gene or miRNA. 

For this reason, it was first essential to define the promoter regions of genes and miRNAs. In this 

thesis, we used the human genome assembly hg38. Specifically, promoter regions were defined as 

the interval from -2,500 to +2,500 nucleotides relative to the Transcription Start Site (TSS) (Figure 

5.1). 

The human gene annotation for the hg38 assembly was obtained from Ensembl BioMart;79 

subsequently, using a Perl script, we defined the region between -2,500 and +2,500 nucleotides 

around the TSS of each gene. 

For miRNAs, the annotation was obtained from the work of De Rie et al., 2017,80 which provides a 

list of pri-miRNA promoters aligned to the hg19 reference genome. Since our work is based on hg38 
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assembly, these coordinates were converted using the LiftOver tool available on the UCSC Genome 

Browser.81 Then, a Perl script was used to define the promoter regions between -2,500 and +2,500 

nucleotides around the TSS of each miRNA. 

 

 

 

5.3 Databases and biological resources 

 

5.3.1 JASPAR 

 

JASPAR is an online open-access database of transcription factor motifs, represented as Position 

Frequency Matrices (PFMs), which describe the probability of occurence of each nucleotide at a 

given binding site. For each transcription factor, it is also possible to obtain the genomic coordinates 

of the motif's occurrence sites across the entire reference genome.18 

In the first project related to the regulation of endothelial networks JASPAR was used to identify 

TFEB motifs at the level of the promoter regions of miRNAs, using the MA0692.1 matrix profile. 

In the second project, focused on glioblastoma, motifs from ATF4, a known cofactor of LSD1, were 

retrieved from JASPAR. Since ChIP-seq data for ATF4 were not available for our cell model, the 

MA0833.3 matrix from the JASPAR database was used. 

 

 

5.3.2 miRBase 

 

MiRBase is an open-access database that collects information on miRNAs, including sequences, 

genomic coordinates, bibliographic references, precursor hairpin structures, and the nomenclature 

of mature miRNAs. In the naming system, precursors are referred to as "mir," while mature forms 

are referred to as "miR”.82 

Figure 5.1. Schematic representation of the definition of the promoter regions for genes and miRNAs. For 
both genes and miRNAs, promoter regions were defined as the genomic interval spanning from -2,500 to 
+2,500 nucleotides relative to their TSS. (Image created with BioRender). 
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The latest available release (2018, version 22) includes data from 271 species and, for the human 

genome, contains annotations for 1,917 precursors and 2,654 mature sequences. 

In both projects analyzed, the MiRBase v.22 database was used to link human pre-miRNAs to their 

respective mature miRNAs. 

 

 

5.3.3 TargetScan and miRTarBase 

 

TargetScan and miRTarBase are two widely used open-access databases for studying interactions 

between miRNAs and their target genes. 

TargetScan predicts potential miRNA–mRNA binding sites based on the complementarity of the 

seed region.83 In this thesis TargetScan version 8.0 was used to predict target genes associated with 

the identified miRNAs in both the first and second projects. 

miRTarBase is a database that collects information on interactions between miRNAs and target 

genes, experimentally validated through various techniques, including reporter assays, Western 

blots, microarray analyses, and next-generation sequencing experiments.84 Some interactions in the 

database are classified as "weak"; in our study, only those with robust validity were considered, thus 

excluding interactions marked as "weak." In this work, miRTarBase version 9.0 was used only in the 

first phase of the second project, with the aim of identifying target genes for the candidate miR-

124-3p. Only target genes shared between the TargetScan predictions, and the experimental 

validations reported in miRTarBase were selected. 

 

 

5.3.4 CSCD2 

 

CSCD2 is a free database that collects interactions identified in both tumor samples and normal 

tissues between circRNAs and miRNAs, or between circRNAs and RNA-binding proteins (RBPs). This 

tool thus allows exploration of circRNAs involved in tumor processes. Specifically, it integrates 

existing data sources for its predictions, but the reported interactions are computationally 

generated based on known binding motifs and binding sites.85 

In the second project of this thesis, CSCD2 was used to predict interactions between the miRNAs 

and the circRNAs identified in the study by Wang et al., 2017, considering only the interactions 

predicted by both TargetScan and miRanda. 
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5.3.5 UCSC Genome Browser 

 

UCSC Genome Browser is one of the most widely used bioinformatics tools, developed at the 

University of California Santa Cruz. It is a freely accessible platform that enables graphical and 

interactive genome visualization, along with a wide range of complementary biological information. 

UCSC represents a complex set of tools and databases accessible through a dedicated web portal. 

These resources provide a vast amount of sequence data, with a particular focus on vertebrate 

genomes, especially the human genome. 

The Genome Browser is divided into two fundamental components: raw genomic sequences and 

functional and molecular annotations, imported from external sources and represented as tracks. 

Each track is a graphical representation of specific biological information aligned to the reference 

genome. Example of track types include gene annotations, indicating the structure of exons and 

introns; alignments of transcripts (mRNAs) and DNA repetitive elements; gene expression data, such 

as from RNA-seq or microarray experiments; epigenomic information, such as DNA methylation 

profiles and histone modifications (acetylation, methylation, etc.).81 

In the context of this thesis, it was used to visualize and analyze the promoter regions of selected 

miRNAs. 

 

 

5.3.6 ENCODE 

 

The ENCODE (Encyclopedia of DNA Elements) project was launched in 2007, with the aim of 

systematically identifying and cataloging all functional elements present in the human genome, 

using various sequencing techniques. 

The analyses conducted within this project have provided insights into the functional aspects of 

transcription, particularly in relation to chromatin organization, histone modifications, and 

promoter regulation mechanisms. 

The ENCODE database collects and makes available numerous experimental data, including those 

derived from transcription factor ChIP-Seq, DNase-Seq, ATAC-Seq, mRNA-Seq, and many other types 

of genomic experiments.19,20 

In the first project, H3K27ac and H3K4me3 peaks relative to the human reference genome hg38 in 

HUVEC cells were retrieved from the ENCODE portal, using the identifiers ENCFF426QFH for 

H3K27ac and ENCFF992YLK for H3K4me3, respectively. 
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In the second project, information on candidate regulatory elements (cCREs) was obtained from the 

ENCODE database and explored using the UCSC Genome Browser, with the aim of identifying 

specific activated elements. 

 

 

5.4 Bioinformatics tools 

 

5.4.1 BEDTools 

 

BEDtools is an open-source software developed for Linux systems that brings together several useful 

tools for manipulating and analyzing genomic data. Among these, the bedtools intersect command 

allows to compare two .bed files to identify shared genomic intervals (Figure 5.2).86 

In this thesis, bedtools intersect command was used in both projects to intersect LSD1 and TFEB 

peaks, obtained from ChIP-Seq experiments, with the genomic coordinates of genes and miRNAs 

referred to the human hg38 genome. The analysis was conducted using the -wao option, and only 

peaks with an overlap of more than 100 nucleotides were considered for further analysis. 

 

 

5.4.2 IPA 

 

Ingenuity Pathway Analysis (IPA) is a software developed to interpret high-throughput gene-

expression data, such as RNA-Seq data, by integrating them with existing biological knowledge. Its 

primary goal is to identify the possible upstream causes and potential downstream effects that 

changes in expression may have on cell biology and the organism. 

Among the various available tools, IPA also allows for the identification of upstream regulatory 

molecules of the genes included in the dataset, which could explain the observed expression 

Figure 5.2. Example of overlapping genomic intervals identified by bedtools intersect. (Image created 
with BioRender) 
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variations. Furthermore, the software identifies upstream regulators by relating them to the genes 

in the dataset through direct or indirect connections.87 

In this thesis, IPA was used in the second project. Specifically, the differentially expressed genes 

between silenced LSD1 and control samples resulting from an RNA-Seq experiment were used as 

input with the aim of identifying a candidate miRNA as a potential upstream regulator. 

 

 

5.4.3 ToppGene Suite 

 

ToppGene is a web-based software used for functional analysis giving as input a set of genes.88 It 

was used in the first project to perform a functional analysis giving as input the list of genes 

differentially expressed among silenced TFEB and control samples. We focused on selected gene 

ontology (GO) biological process terms, which were ranked based on their statistical significance, 

determined through p-values corrected using the Benjamini–Hochberg method. 

 

 

5.4.4 Cytoscape and NetworkX 

 

Cytoscape, a software, and NetworkX, a python package, are commonly used for graphical 

reconstruction of molecular interaction networks, such as protein-protein, protein-DNA, miRNAs-

target genes interactions. The molecules are indicated as nodes, while the interactions between 

them as edges.89,90 

In this thesis, they were specifically used to graphically reconstruct the regulatory networks 

mediated by the transcription factors and miRNAs. 
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5.5 Overview of the methods used for the construction of the regulatory network in endothelium 

– first project 

 

In Figure 5.3 is presented a schematic representation of an overview of the methods used in the 

first project related to the construction of the regulatory network mediated by TFEB in HUVEC cell 

model. 
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5.5.1 Sample preparation 

 

All laboratory experiments were performed at the Candiolo Cancer Institute under the supervision 

of Dr. Gabriella Doronzo. 

In vitro studies were conducted on human umbilical vein endothelial cells (HUVECs). The TFEB gene 

was silenced by lentiviral transduction with a specific shRNA. In each experiment, TFEB-silenced 

HUVEC cells (shRNA-TFEB) were compared to control cells transduced with a nonspecific shRNA 

(WT). 

 

 

5.5.2 mRNA-Seq analysis 

 

RNA-libraries were prepared using TruSeq Stranded Total RNA kit. Libraries were sequenced with 

an Illumina NovaSeq 6000, using a paired-end protocol. 

The quality of the Fastq files generated was assessed using FastQC software.91 Subsequently, the 

sequences were subjected to a trimming process to remove TruSeq adapters using Cutadapt v3.592 

in paired-end mode, thus obtaining high-quality Fastq files. 

To quantify the genes expressed in all samples, the RSEM v1.3.1 pipeline93 was used, employing the 

STAR aligner94 in paired-end mode, with the human reference genome hg38. The gene annotations 

provided by the Ensembl database79 were used as a reference for the analysis of gene expression 

levels. 

Finally, the identification of differentially expressed genes (DEGs) between TFEB-silenced HUVEC 

cells (shRNA-TFEB) and control cells (WT) was performed using DESeq2,95 applying a |log2FC| 

Figure 5.3. Flowchart of the methods used in the first project. The blue rectangles represent the gene and 
miRNA promoters, along with the list of DEM target genes. The orange rectangles refer to the omics data 
used, the yellow ones to the intermediate results, while the green rectangles correspond to the final output. 
Specifically, the gene and miRNA promoters were defined considering the regions between -2,500 and +2,500 
bp with respect to the respective TSS and subsequently intersected with TFEB binding peaks, obtained by 
ChIP-Seq in HUVEC cells, using bedtools intersect. A differential expression analysis was conducted from the 
miRNA-Seq and mRNA-Seq data, allowing the identification of DEMs and DEGs. Only DEMs associated with 
the presence of TFEB in their promoter were selected, and their target genes were identified using the 
TargetScan database. Subsequently, an anti-correlation analysis was performed between the TFEB-
associated DEMs and the DEGs. This procedure resulted in the construction of two regulatory networks: one 
containing the DEM–TFEB pairs (with TFEB in their promoter regions) and the DEGs; and another consisting 
of the DEMs with TFEB in their promoter regions and the DEGs also associated with TFEB in their promoter 
regions. 
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expression change as statistical significance criteria. > 1 and an FDR value < 0.05. For each 

experimental condition, two biological replicates were included. 

 

 

5.5.3 miRNA-Seq analysis 

 

Small-RNA-sequencing was performed according to the Illumina TruSeq small RNA protocol and 

libraries were sequenced using an Illumina NovaSeq 6000. 

The quality of the generated Fastq files was assessed using FastQC software.91 Fastq files were 

processed using a pipeline based on miRDeep2 v.2.0.1.2,96 applying default parameters to both the 

mapper.pl and miRDeep2.pl scripts, using the hg38 human genome as a reference. The miRBase 

database was used to annotate miRNAs and associate mature miRNA identifiers with those of their 

precursors miRNAs.82 The output generated by the pipeline was subsequently filtered considering 

as expressed only the miRNAs with a normalized count > 1 in at least one sample.  

Identification of differentially expressed miRNAs (DEMs) between TFEB-silenced (shRNA-TFEB) and 

control (WT) HUVEC cells was performed using DESeq2 on raw counts.95 DEMs with expression 

change |log2FC| > 0.5 and FDR value < 0.1 were considered significant. 

For each experimental condition, three biological replicates were included. 

 

 

5.5.4 TFEB ChIP-Seq analysis 

 

Fastq files from the TFEB ChIP-Seq experiment in HUVEC cells were downloaded from the NCBI GEO 

database (accession number GSE88896) using the SRA links SRR4429371 (TFEB ChIP-seq) and 

SRR4429370 (Input_IgG) using the fastq-dump command. The data used are from the work of 

Doronzo et al. 2019.50 

The quality of the Fastq files obtained was assessed with FastQC.91 Subsequently, the sequences 

were aligned to the hg38 reference genome using the Bowtie2 aligner.97 TFEB enrichment peaks 

were identified with MACS2,98 comparing the HUVEC TFEB ChIP sample with the corresponding 

input file, applying the following parameters: -f BAM -g hs -n output_name -B -p 0.01 –call-summits 

–fe-cutoff 1.0. 

TFEB peaks with a −log10(p-value) > 3 were considered statistically significant. 
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5.5.5 Bioinformatics data integration 

 

TFEB binding peaks obtained from ChIP-Seq data were intersected with gene and pre-miRNA 

promoter regions using bedtools intersect to identify genes and miRNAs characterized by the 

presence of TFEB at their promoter regions.86 For subsequent analyses, only peaks with an overlap 

of more than 100 nucleotides were considered. 

DEMs associated with TFEB-occupied promoter sites were further annotated for the presence of 

specific binding motifs using the JASPAR database, specifically the MA0692.1 motif profile.18 

DEM target genes were identified using TargetScan Human version 8.0.83 Only DEM target genes 

that were also DEGs between the shRNA-TFEB and WT samples were considered. An anti-correlation 

analysis was then conducted, selecting only the DEM–DEG pairs that showed opposing expression 

trends, namely: [log2FC_miRNA > 0 and log2FC_gene < 0], or [log2FC_miRNA < 0 and log2FC_gene 

> 0]. 

From this analysis, two distinct regulatory networks were constructed: 

1. A network comprising the interactions between TFEB, DEMs, and DEGs regardless of the 

presence of TFEB in the DEG promoters. 

2. A network including only the connections where TFEB binding was verified in the promoter 

regions of DEGs. 

These regulatory networks between TFEB, miRNAs, and genes were generated with Cytoscape.89 

Volcano plots were generated using the scatterplot function in R, while heatmaps were obtained 

using the pheatmap() package in R. Finally, the graphical representation of selected miRNA 

promoter region was created using the UCSC Genome Browser.81 H3K27ac and H3K4me3 peaks in 

HUVEC were downloaded from the ENCODE portal.19,20 

 

 

5.5.6 Functional analysis of DEGs 

 

The upregulated and downregulated genes were subjected to a functional analysis using ToppGene, 

considering only selected gene ontology (GO) biological terms.88 
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5.5.7 Experimental validation  

 

MicroRNA-222 and its target genes, E2F2 and CDK1, were experimentally validated by real-time PCR 

by Dr. Gabriella Doronzo at the Candiolo Cancer Institute. 

For mRNA analysis, RNA was reverse-transcribed into cDNA using the High-Capacity cDNA Reverse 

Transcription Kit (Thermo Fisher Scientific). For miRNA expression analysis, reverse transcription 

was performed using the same kit in the presence of miRNA-specific stem–loop primers provided in 

the TaqMan MicroRNA Assays (Thermo Fisher Scientific), which allow selective conversion of mature 

miRNAs into cDNA. Real-time PCR was performed on a CFX96 Real-Time PCR Detection System (Bio-

Rad) using TaqMan Universal PCR Master Mix or miRNA-specific TaqMan MicroRNA Assays. This 

technique is based on the use of a fluorescent probe that specifically binds to the target sequence. 

During PCR amplification, the probe is cleaved by the DNA polymerase, resulting in the emission of 

a fluorescent signal that increases proportionally with the amount of amplified DNA. This allows a 

sensitive and specific quantification of both mRNA and miRNA expression levels. TBP and RNU44 

were used as endogenous reference genes for normalization of mRNA and miRNA data, respectively. 

The following Taqman assays (ThermoFisher Scientific, Waltham, MA, USA) were used: TFEB 

(human, Hs00292981_m1), E2F1 (human Hs00153451_m1), and CDK1 (human Hs00938777_m1); 

pri-miR-222 (Hs03303011_pri); miR-222-3p (002276); miR-222-5p (002097); TBP (human 

Hs00427620) and RNU44 (001094). 
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5.6 Overview of the methods used for the construction of the regulatory network in GBM – second 

project 

 

The second project of this thesis, focused on GBM, was divided into two phases: a first phase based 

on the analysis of the data published by Faletti et al., 202171 and a second phase, described in 

paragraph 4.6.6, in which the data from Wang et al., 202164 were used. Figure 4.4 graphically 

summarizes the analytical workflow relating to the multi-omics integration of Faletti et al., 2021 

dataset. 
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5.6.1 Faletti et al., 2021 dataset 

 

The starting point for this second project was the analysis of omics data generated and published 

by Professor Pelicci's group at the European Institute of Oncology (IEO).71 These data derive from 

the BT165 (GBM#22) cell line, a model of GBM TICs with stemness properties, obtained from a 

patient with proneural GBM. The mRNA-Seq, LSD1 ChIP-Seq, and ATAC-Seq raw data were 

downloaded from NCBI GEO under accession GSE181379 and used as the basis for the multi-omics 

integration analyses performed in the first part of this work. 

 

 

5.6.2 mRNA-Seq analysis 

 

The mRNA-Seq experiment generated by Faletti et al. 2021 on the BT165 cell line was performed 

under two experimental conditions: LSD1-silenced (sh71) and control (shNT), each with two 

biological replicates.71 

Fastq files quality was assessed with FastQC.91 Gene quantification was performed using the RSEM 

v1.3.1 pipeline,93 using STAR94 as the reference aligner in single-end mode, with the human hg38 

genome as a reference. Gene annotation was obtained from the Ensembl database.79 Genes with a 

TPM > 1 in at least one sample were considered expressed. 

The analysis of differentially expressed genes between the LSD1-silenced and control conditions was 

conducted with EdgeR,100 selecting genes with |log2FC|   1.2 and FDR ≤ 0.05 as DEGs. The identified 

Figure 5.4. Flowchart of the methods used for the integration of Faletti et al., 2021 data. The blue 
rectangles represent the gene and miRNA promoters, the orange rectangles represent the omics data 
used, the yellow rectangles represent the intermediate results, the purple rectangle represents the 
predicted miRNA, and the green rectangle represents the final result. In particular, the gene and 
miRNA promoters, defined as the region between –2,500 and +2,500 bp around the TSS, were 
intersected with the LSD1 peaks obtained from ChIP-Seq in BT165 using bedtools intersect. Only genes 
and miRNAs characterized by the simultaneous presence of an LSD1 peak and an ATF4 motif, identified 
using JASPAR, were then selected. From the mRNA-Seq analysis conducted in BT165 (LSD1-silenced 
vs. control), DEGs were calculated and subsequently used as input for IPA, which allowed us to predict 
miR-124-3p as a potential upstream regulator. This miRNA was associated with LSD1 peaks and the 
presence of an ATF4 motif in the promoter region. For miR-124-3p, target genes were then defined 
by integrating information from miRTarBase and TargetScan. To build the final network, only miR-124-
3p target genes that were also DEGs between LSD1-silenced and control conditions and that presented 
both LSD1 peaks and an ATF4 motif at the promoter level were considered. Finally, miR-124-3p 
expression was assessed in the data published by Wang et al., 2021, comparing GBM samples with 
normal tissues. This dataset served as the starting point for the second part of the project (section 
4.6.6). 
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genes were used as input for a Core Analysis using QIAGEN IPA (QIAGEN Inc., 

https://digitalinsights.qiagen.com/IPA) to identify potential upstream regulators.87 In particular, our 

attention was paid to miR-124-3p (and other miRNAs w/seed AAGGCAC) found as upstream 

regulator. 

 

 

5.6.3 LSD1 ChIP-Seq analysis 

 

The quality of Fastq files for the input and vehicle of the LSD1 ChIP-Seq experiment was assessed 

with FastQC.91 Subsequently, the files were aligned to the hg38 reference genome using Bowtie2.97 

Duplicate reads were removed using samtools fixmate and samtools markdup commands.101 Peak 

identification was performed with MACS2, using the following command:  macs2 callpeak -t 

Vehicle.allineato.sorted.rmdup.bam -c Input.allineato.sorted.rmdup.bam -f AUTO -g hs -n 

Vehicle.out.macs2 -B -q 0.05.98  

Only LSD1 peaks with a –log10(q-value) > 100 were considered for further analysis. 

 

 

5.6.4 ATAC-Seq analysis 

 

Fastq files from the ATAC-Seq were assessed with FastQC.91 Reads were trimmed using Cutadapt92 

and then aligned to the hg38 human reference with Bowtie2,97 without mitochondrial DNA. 

Duplicated reads were removed using samtools fixmate and samtools markdup command.101 Peaks 

were called with HMMRATAC with standard parameters and were filtered using score ≥ 10.102 

 

 

5.6.5 Bioinformatics data integration 

 

LSD1 peaks obtained by ChIP-Seq in the BT165 cell line were intersected with the promoter regions 

of pre-miRNAs and genes (defined as the range around the TSS between -2500 and +2500 bp) using 

bedtools intersect.86 Only peaks with a nucleotide overlap >100 were considered for further analysis. 

From the work of Faletti et al. 2021,71 we know that ATF4 acts as a cofactor for LSD1 in the regulation 

of protein-coding genes; however, in the absence of ChIP-Seq data for ATF4 in the BT165 cell line, 

we used the ATF4 motifs present in JASPAR (matrix profile MA0833.3).18 This allowed us to 
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determine the number of genes and pre-miRNAs characterized by the presence of ATF4 motifs in 

their promoter regions. 

 

For differentially expressed genes (DEGs) between LSD1-silenced and control conditions, we 

associated the ATF4 motif score values from JASPAR. The 25th and 75th percentiles were calculated 

from the score distribution using Pandas' pd.cut() function, and each gene was then classified into 

three groups: 

- Low: score < 25th percentile. 

- Medium: score between 25th and 75th percentile. 

- High: score > 75th percentile. 

A heatmap was generated with pheatmap() package in R, including a double annotation: the ATF4 

score classification (Low/Medium/High, from JASPAR) and the presence of LSD1 peaks (ChIP-Seq in 

BT165) in the promoter regions of the DEGs. 

 

The DEGs obtained between LSD1-silenced and controls were analyzed with IPA, which identified 

miR-124-3p (along with other miRNAs seeded with AAGGCAC) as an upstream regulator.87 The 

immature forms of the miRNAs were analyzed for the presence of LSD1 peaks and ATF4 motifs, and 

the graphical representation of the promoters of these pre-miRNAs was obtained using UCSC 

Genome Browser.81 Furthermore, to assess chromatin accessibility, ATAC-Seq and LSD1 ChIP-Seq 

data in BT165 were uploaded as custom tracks to UCSC Genome Browser.  

Attention was then focused specifically on miR-124-3p. Its target genes were identified by 

integrating information from miRTarBase84 and TargetScan;83 subsequently, only targets effectively 

expressed in mRNA-Seq (TPM > 1 in at least one sample) were retained for further analysis. To 

construct the final network, we considered only miR-124-3p targets that were also DEGs between 

LSD1-silenced and control and characterized by LSD1 peaks and ATF4 motifs in their promoter 

regions. The network was created using Cytoscape.89 

 

Finally, since miRNA-Seq data were not available in the BT165 cell line, we used those published by 

Wang et al., 2021,64 comparing miR-124-3p expression between GBM samples and normal tissues. 

Expression levels in log2(TPM) were represented with a boxplot, generated in R with the boxplot() 

function. Wilcoxon test was used to compare the expression value of miR-124-3p from Wang et al., 

2021 in GBM samples and normal tissue samples. 
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5.6.6 Wang et al., 2021 dataset 

 

In the second phase of the second project, a multi-omics analysis was conducted based on data 

published by Wang et al., 2021, including mRNA-Seq, miRNA-Seq, and circRNA-Seq data. All datasets 

were downloaded from the supplementary files of the original publication.64 

Only GBM samples belonging to the proneural subtype, for which all three types of omics data were 

available, were selected. In total, 29 tumor samples were considered, common to mRNA-Seq, 

miRNA-Seq, and circRNA-Seq. 

For control samples, 8 normal tissue samples available for the mRNA-Seq and miRNA-Seq datasets 

were used; for the circRNA-Seq data, however, no control samples were available. 

For each dataset, only transcripts expressed in at least one sample were retained, applying the 

following filtering thresholds: FPKM > 1 for mRNA-Seq and circRNA-Seq data, and TPM > 1 for 

miRNA-Seq data. 

The identification of differentially expressed genes (DEGs) and miRNAs (DEMs) was performed using 

the Wilcoxon test, using significance criteria of |log₂FC|   2 and FDR < 0.01 for DEGs, and |log₂FC| 

> 2 and FDR < 0.05 for DEMs. 

For circRNAs, due to the absence of control samples, differential expression analysis was not 

performed. Therefore, circRNAs expressed in at least one sample with FPKM > 1 were considered, 

limiting the analysis to those annotated in the CSCD2 database and filtered according to the Miranda 

and TargetScan criteria.85 

Subsequently, a Spearman anticorrelation analysis was performed between the DEMs and DEGs 

using the spearmanr Python package and considering only miRNA–gene interactions annotated in 

the TargetScan Human database.83 Pairs with a Spearman correlation coefficient ρ < –0.6 and a p-

value < 0.05 were selected as significant. CircRNAs predicted to target the DEMs identified in this 

analysis were subsequently retrieved from the CSCD2 database.85 

To assess the possible epigenetic involvement of LSD1, we analyzed whether the identified DEGs 

and DEMs exhibited LSD1 binding peaks near their respective promoter regions, defined as the 

range between –2,500 and +2,500 bp from the Transcription Start Site (TSS). To this end, we used 

LSD1 ChIP-Seq data obtained from BT165 cells and published by Faletti et al., 2021, and the 

intersection between the genomic coordinates was calculated using the bedtools intersect 

software.86 

Heatmaps representing DEGs and DEMs annotated with the presence or absence of LSD1 peaks 

were generated using the pheatmap() package in R. 
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Finally, a regulatory network centered on LSD1 was constructed by integrating DEM–DEG, circRNA–

DEM, and LSD1 interactions using the NetworkX package in Python.90 

In Figure 4.5 is represented the schematic workflow used in this second phase of the project. 

 

 

  

 

 

 

 

 

 

 

 

 

 

Figure 5.5. Flowchart of the methods used for the integration of Wang et al., 2021 data. The yellow rectangle represents 
the LSD1 ChIP-Seq dataset from Faletti et al., 2021; green rectangles represent the omics data from Wang et al., 2021; blue 
rectangles indicate intermediate results, and purple rectangle represents the final output of the analysis.  
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6.1 Results from the regulatory network in endothelium – first project 

 

In the first project of this thesis, a bioinformatics pipeline was developed based on the integration 

of various omics data (ChIP-Seq, mRNA-Seq, and miRNA-Seq) with the aim of understanding the role 

of TFEB in HUVEC, and its function in the regulation of miRNAs (Figure 6.1). 

The main goal of the project was to investigate the role of TFEB in the regulation of genes and 

miRNAs. To this end, the promoter regions of genes and miRNAs were defined, considering a range 

of -2500 and +2500 bps with respect to their TSS. TSS gene coordinates were obtained from Ensembl 

Biomart,79 while miRNA coordinates were obtained from De Rie et al., 2019.80 Overall, 111,050 TSSs 

were obtained from Ensembl Biomart for protein-coding genes, 141,155 for non-coding RNAs, and 

1,130 TSSs for miRNAs from De Rie et al., 2019. 

ChIP-Seq analysis of TFEB in HUVEC, described in section 5.5.4 of the Methods, identified 26,615 

binding peaks on the human hg38 genome, considering those with a -log10(p-value) > 3. The 

intersection of the TFEB peak coordinates and those of the TSSs highlighted 5,588 genes and 298 

mature miRNAs characterized by the presence of TFEB in the promoter region, and therefore 

potentially regulated by the transcription factor. 

Subsequently, using mRNA-Seq and miRNA-Seq data, we identified genes and miRNAs differentially 

expressed (DEGs and DEMs) following TFEB silencing. The integration of these results allowed the 

construction of a TFEB-driven regulatory network, which is essential for understanding the role of 

ncRNAs in the endothelial model. 
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Figure 6.1. Schematic representation of the bioinformatics workflow used to define the TFEB-driven 

regulatory network in HUVECs. The green rectangles represent the TSS of non-coding RNA and miRNAs 

obtained from the Ensembl Biomart and De Rie et al. 2017 database (blue rectangles). The orange rectangles 

represent the omics data used in the work (TFEB ChIP-Seq, miRNA-Seq and mRNA-Seq). The circle in the 

middle of the figure represents the integration of these data, thus indicating the DEGs and DEMs 

characterized by TFEB at the level of their promoter regions. The results obtained were graphically 

represented with a comprehensive regulatory network, with TFEB as the master regulator. 
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6.1.1 The TFEB-regulated transcriptional program in HUVEC 

 

To investigate the TFEB-regulated transcriptional program in HUVEC cells, we analyzed 

transcriptome changes resulting from TFEB silencing. To this end, an mRNA-seq experiment was 

performed comparing two experimental conditions: HUVEC treated with a TFEB-specific shRNA and 

control cells infected with a non-targeting shRNA. After transcript quantification, only genes with 

TPM values > 1 in at least one sample were considered expressed, thus defining 11,451 expressed 

genes. Among these, 424 were found to be differentially expressed (DEGs) between TFEB-silenced 

cells and controls, of which 98 were upregulated and 326 were downregulated, as shown in the 

volcano plot in Figure 6.2A. 

Integrating TFEB ChIP-seq data revealed that 97 of these 424 DEGs exhibit transcription factor 

binding peaks in their promoter regions. The unsupervised hierarchical clustering complete set of 

DEGs is represented in the heatmap in Figure 6.2B, which also reports the annotation for the 

presence of TFEB peaks in the corresponding promoters. 

Figure 6.2C shows a Venn diagram representing the relationship between differentially expressed 

genes, those associated with TFEB peaks, and their intersection, which represents DEGs directly 

related to TFEB binding at the level of their promoter regions. 

To understand the functional role of the 97 DEGs characterized by TFEB in their promoter regions, 

we distinguished between up- and down-regulated DEGs and conducted a functional enrichment 

analysis using ToppGene, focusing exclusively on Gene Ontology (GO) terms.88 The results showed 

that down-regulated genes are mainly associated with processes related to the cell cycle and 

mitosis, while up-regulated genes are related to angiogenesis and vascular development, as shown 

in Figure 6.2D. 
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Figure 6.2. Transcriptomic analysis by mRNA-seq highlights the role of TFEB in modulating genes in 
HUVECs. (A) Volcano plot illustrating the differentially expressed genes (DEGs) between TFEB-
silenced HUVECs (shRNA-TFEB) and control cells (WT). Downregulated genes are shown in green, 
upregulated genes in red, and the TFEB gene itself is indicated in blue. (B) Heatmap displaying the 
unsupervised hierarchical clustering of DEGs in TFEB-silenced (orange) versus control (cyan) HUVECs. 
Each gene is annotated to indicate the presence (green) or absence (red) of at least one TFEB binding 
peak in its promoter region. (C) Venn diagram showing the intersection between DEGs in TFEB-
silenced and control cells with the full set of genes carrying TFEB binding peaks at their promoters. 
(D) Representative GO terms from the functional enrichment analysis performed with ToppGene on 
DEGs. Terms enriched among downregulated genes are shown in blue, while those associated with 
upregulated genes are in red. The number of genes per term is reported in parentheses. GO terms 
are ranked according to –log10(p-value), adjusted with the Benjamini–Hochberg correction. 
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6.1.2 The TFEB-regulated miRNA program in HUVEC 

 

 To further investigate the role of miRNAs under the same experimental conditions used for mRNA-

seq analysis, a miRNA-Seq experiment was conducted comparing TFEB-silenced HUVEC cells with 

control cells. Differential analysis identified 33 differentially expressed miRNAs (DEMs) between the 

two groups. Subsequently, integration with TFEB ChIP-Seq data allowed us to assess the presence 

of transcription factor binding sites in the promoter regions of the DEMs, revealing that 7 of the 33 

miRNAs exhibit TFEB peaks. The complete list of DEMs and the annotation for the presence of TFEB 

in the promoter regions are shown in Table 6.1. 

Differentially expressed miRNAs (DEMs) TFEB 

hsa-miR-27a-5p PRESENCE 

hsa-miR-222-5p PRESENCE 

hsa-miR-665 ABSENCE 

hsa-miR-181a-3p PRESENCE 

hsa-miR-4741 ABSENCE 

hsa-miR-181b-3p PRESENCE 

hsa-miR-92a-1-5p ABSENCE 

hsa-miR-487a-3p ABSENCE 

hsa-miR-143-3p ABSENCE 

hsa-miR-431-5p ABSENCE 

hsa-miR-1307-5p ABSENCE 

hsa-miR-370-3p ABSENCE 

hsa-miR-29b-1-5p PRESENCE 

hsa-miR-433-3p ABSENCE 

hsa-miR-494-3p ABSENCE 

hsa-miR-339-3p PRESENCE 

hsa-miR-432-5p ABSENCE 

hsa-miR-493-5p ABSENCE 

hsa-miR-1185-1-3p ABSENCE 

hsa-miR-25-5p ABSENCE 

hsa-miR-409-3p ABSENCE 

hsa-miR-193a-3p PRESENCE 
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hsa-miR-323b-3p ABSENCE 

hsa-miR-410-3p ABSENCE 

hsa-miR-503-5p ABSENCE 

hsa-miR-100-3p ABSENCE 

hsa-miR-887-5p ABSENCE 

hsa-miR-3187-3p ABSENCE 

hsa-miR-26a-2-3p ABSENCE 

hsa-miR-3085-3p ABSENCE 

hsa-miR-496 ABSENCE 

hsa-miR-671-5p ABSENCE 

hsa-miR-193b-5p ABSENCE 

Table 6.1. List of differentially expressed miRNAs identified in TFEB-silenced HUVECs with promoter 
binding information from TFEB ChIP-seq. The first column reports the name of each differentially expressed 
miRNAs (DEMs), while the second column indicates the presence or absence of TFEB binding peaks in the 
corresponding promoter regions, as identified by TFEB ChIP-Seq analysis. The 7 DEMs characterized by TFEB 
peaks in their promoter regions are highlighted in yellow. 

 

To determine whether the promoters of the 33 miRNAs were associated with regions of open 

chromatin, the H3K27ac and H3K4me3 signals available in the ENCODE database were analyzed.19,20 

The results showed that 29 of the 33 miRNAs exhibited H3K27ac and H3Kme3 signals at their 

promoter level. These data are illustrated in Figures 6.3A and 6.3B: the first represents a heatmap 

annotated with the presence of TFEB and epigenetic signals from ENCODE, while the second 

provides a Venn diagram showing the intersection between the DEMs and the miRNAs characterized 

by TFEB peaks in their respective promoter regions. 

Finally, Figure 6.3C shows a heatmap for a subset of the 33 DEMs, consisting of only the 7 miRNAs 

associated with TFEB peaks in the promoter. Interestingly, all these miRNAs (hsa-miR-181a-3p, hsa-

miR-181b-3p, hsa-miR-29b-1-5p, hsa-miR-222-5p, hsa-miR-27a-5p, hsa-miR-193a-3p, and hsa-miR-

339-3p) were significantly up-regulated after TFEB silencing. 

Given the biological significance of these findings, we chose to focus our attention on miR-222, 

which is known to negatively regulate the angiogenic activity of the stem cell factor (SCF) by 

targeting its receptor, c-Kit.99 Figure 6.3D illustrates the genomic region encompassing the miR-222 

locus on the reference human hg38 genome, as depicted by the UCSC Genome Browser.81 This 

region not only shows a TFEB binding peak in the promoter region of the pri-miRNAs but also 

displays additional signals from the H3K27ac and H3K4me3 HUVEC tracks obtained from 
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ENCODE,19,20 supporting the notion of an actively transcribed region and highlighting the complex 

regulation by TFEB in the endothelial environment. 
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6.1.3 Regulatory network of TFEB-associated miRNAs and their target genes 

 

In subsequent analyses, we focused exclusively on the 7 DEMs characterized by the presence of at 

least one TFEB peak at their promoter regions, with the aim of identifying their target genes. To this 

end, we used the TargetScan Human database,83 considering only the target genes present in the 

database and expressed by RNA-seq analysis following TFEB silencing. Subsequently, only the DEM–

target gene pairs with anti-correlated expression were selected, obtaining a total of 3,073 genes 

anticorrelated to the seven DEMs. Among these, 152 genes were also found to be differentially 

expressed (DEGs) when comparing TFEB-silenced HUVECs with controls. Figure 6.4A shows a Venn 

diagram representing the intersection between the DEGs identified in the RNA-seq and the target 

genes of the 7 miRNAs identified by TargetScan and expressed in the transcriptomic analysis. 

Figure 6.4B illustrates the regulatory network generated by the 7 DEMs, all associated with a TFEB 

binding peak in their promoter regions, together with their 152 differentially expressed target genes 

identified after TFEB silencing. 

Among these 152 genes, 44 also displayed TFEB binding at their promoters, whereas the remaining 

108 did not. To provide a more detailed view, Figure 6.4C presents a TFEB-driven miRNA–target 

gene interaction network, highlighting specifically those target genes directly bound by TFEB. 

 

 

 

 

 

 

Figure 6.3. TFEB-dependent regulation of miRNAs in HUVECs. (A) Heatmap representing the unsupervised 
hierarchical clustering of differentially expressed miRNAs (DEMs) between TFEB-silenced HUVECs (shRNA-
TFEB, orange) and control cells (WT, cyan). For each miRNA, the annotation indicates the presence (green) 
or absence (red) of TFEB binding in the promoter region, as well as the presence (light blue) or absence (light 
grey) of the histone marks H3K27ac and H3K4me3 according to ENCODE HUVEC data. (B) Venn diagram 
illustrating the overlap between DEMs identified in TFEB-silenced versus control cells and the set of miRNAs 
with TFEB peaks in their promoters. (C) Heatmap showing the clustering of the subset of 7 DEMs that display 
TFEB binding at their promoter regions. Each of these miRNAs is annotated with the presence (green) or 
absence (red) of the TFEB from ChIP-Seq, but also for the presence (yellow) or absence (purple) of the TFEB 
binding motif, as predicted from the JASPAR database. (D) Genomic view of the miR-222 locus in the human 
hg38 reference genome (UCSC Genome Browser). The panel highlights the host gene (green) and the putative 
promoter region (blue, defined as −2500 to +2500 bp around the TSS). The TFEB binding signal in HUVECs is 
shown at the top (black), together with H3K27ac and H3K4me3 tracks from ENCODE HUVECs (bottom). 
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Figure 6.4. TFEB-miRNA-mediated regulatory networks. (A) Venn diagram summarizing the intersection 
between the anti-correlated target genes of the seven DEMs in TFEB-silenced versus control HUVECs and the 
set of DEGs identified by RNA-seq. (B) Schematic network representation including TFEB, the seven DEMs 
characterized by TFEB peaks in their promoters, and their 152 differentially expressed target genes. In the 
scheme, TFEB is shown as green triangles, miRNAs as magenta diamonds, and target genes as blue squares. 
A fraction of these genes also shows TFEB binding in their promoters. (C) Subnetwork focusing specifically on 
TFEB, the seven DEMs, and the 44 differentially expressed target genes with TFEB binding at their promoter 
regions. 
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6.1.4 Experimental validation of miR-222 

 

After defining the regulatory networks, we selected miR-222 for experimental validation, given its 

well-established role in negatively modulating angiogenic activity reported in the literature.99 The 

experimental validation of this project was conducted by Dr. Gabriella Doronzo. 

The miRNA-seq analysis revealed that TFEB silencing resulted in increased expression of miR-222 

(Figure 6.3A–D). In parallel, bioinformatics integration with the TFEB ChIP-seq dataset highlighted a 

TFEB binding peak in the promoter region of miR-222, suggesting that TFEB may directly regulate its 

transcription (Figure 6.3D). To test this hypothesis, we measured the expression of both pri-miR-

222 and the mature isoforms miR-222-3p/5p in control and TFEB-silenced HUVECs. As expected, 

TFEB knockdown caused a marked upregulation of both the primary transcript and the mature forms 

(Figure 6.5A). 

Anti-correlation analysis further identified several differentially expressed genes as putative miR-

222 targets, including E2F1 and CDK1, two well-known regulators of cell cycle progression. In line 

with the increase of miR-222 upon TFEB silencing, both E2F1 and CDK1 were downregulated in 

HUVECs (Figure 6.5B), supporting the predicted interactions. 

Altogether, these results demonstrate that TFEB controls critical cell cycle regulators in endothelial 

cells indirectly, through the modulation of miR-222 and its downstream targets. 

 

A 

B 
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Figure 6.6 shows a summary scheme of the TFEB/miR-222/E2F1-CDK1 regulatory network. 

According to our hypothesis, TFEB under physiological conditions directly represses miR-222, 

allowing the expression of the E2F1 and CDK1 genes and promoting endothelial cell proliferation. 

Following TFEB silencing, miR-222 is upregulated, leading to the inhibition of E2F1 and CDK1 and a 

consequent slowing of cell cycle progression. 

 

 

 

 

Figure 6.5. TFEB–miR-222–E2F1/CDK1 regulatory axis in HUVECs. (A, B) Quantitative PCR (qPCR) assessment 
of hsa-pri-miR-222 and the mature isoforms hsa-miR-222-5p and -3p (a), as well as E2F1 and CDK1 (b), in 
TFEB-depleted (shRNA-TFEB) and control (WT) HUVECs. Expression levels are shown as fold changes relative 
to WT cells and normalized to the housekeeping gene TBP (n = 4, mean ± SEM; * p-value < 0.01, ** p-value < 
0.001, *** p-value < 0.0001, Student’s t-test). 

 

Figure 6.6. Regulatory scheme of the TFEB/miR-222/E2F1-CDK1 pathway in HUVECs. Under 
physiological conditions, TFEB (green) represses miR-222, allowing the expression of its targets 
E2F1 and CDK1 and normal endothelial proliferation. After TFEB silencing, miR-222 is 
upregulated and inhibits E2F1 and CDK1, slowing cell cycle progression. (Image created with 
BioRender). 
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6.2 Results from the regulatory network in GBM – second project 

 

The second project of this thesis focuses on the construction of a regulatory network in glioblastoma 

(GBM), with particular attention to LSD1, an epigenetic regulator that plays a key role in maintaining 

stemness in GBM TICs. GBM TICs are responsible for the frequent relapses observed in patients, and 

understanding the regulatory mechanisms that sustain them is a crucial aspect of GBM research. 

 

This project is divided into two main phases: 

 

• Phase 1 – Analysis of data from Faletti et al., 2021 

 

The starting point was the analysis of multi-omics data (LSD1 ChIP-Seq, mRNA-Seq, and ATAC-Seq) 

generated in the BT165 cell model, derived from a patient with the proneural subtype, published by 

Faletti et al., 2021. This analysis allowed us to identify genes and miRNAs characterized by the 

presence of LSD1 in their promoter regions, along with its known cofactor ATF4. Furthermore, from 

the mRNA-Seq data, by comparing the LSD1-silenced condition with the control condition and 

through the analysis of differentially expressed genes, it was possible to predict miR-124-3p as a 

potential upstream regulator using IPA. 

These results confirmed the complex and already known role of LSD1 on protein-coding genes, but 

also highlighted the need to further explore the non-coding dimension. 

 

• Phase 2 – Analysis of data from Wang et al., 2021 

 

Since miRNA-Seq data are not available for BT165 cells and starting from the hypothesis that non-

coding RNAs (particularly miRNAs and circRNAs) may also play a role in GBM tumorigenesis, we 

extended the analysis using open-access multi-omics data made available by Wang et al., 2021. 

Specifically, we considered RNA-Seq, miRNA-Seq, and circRNA-Seq from 29 samples of proneural 

subtype GBM, consistent with our BT165 model. 

This second phase allowed us to include circRNAs in the analysis and hypothesize the construction 

of an LSD1-mediated miRNA–circRNA regulatory network in proneural GBM.  
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6.2.1 Combined Analysis of LSD1 Binding Sites and ATF4 Motifs in Gene and miRNA 

Promoter Regions 

 

Analysis of LSD1 ChIP-Seq data in the BT165 cell line, aligned to the human reference genome hg38, 

revealed a total of 56,959 LSD1 binding peaks with statistical significance (-log10(q-value) > 100), 

distributed across diverse genomic regions, including exonic, intronic, intergenic, and promoter 

regions. 

To assess genes and pre-miRNAs potentially regulated by LSD1, these peaks were intersected with 

promoter regions, defined as the range between -2,500 and +2,500 bp relative to the TSS, 

considering only nucleotide overlaps greater than 100 bp. This analysis revealed 29,795 LSD1 peaks 

in the promoters of 24,604 genes, while 972 peaks were detected near the promoters of 765 pre-

miRNAs, corresponding to 1,164 mature miRNAs. 

Since the study by Faletti et al., 2021, demonstrated that the transcription factor ATF4 acts as a 

cofactor for LSD1, the same promoter regions (-2,500/+2,500 bp) of the genes and pre-miRNAs 

associated with LSD1 were also analyzed for the presence of ATF4 binding motifs, using the JASPAR 

database, which defines a canonical 10-nucleotide motif. Predictive analysis revealed that 24,519 

genes and 759 pre-miRNAs (equivalent to 1,154 mature miRNAs) simultaneously exhibit an LSD1 

binding peak and an ATF4 binding motif in their promoter regions (Figure 6.7). 
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Figure 6.7. Schematic representation of the integration of LSD1 ChIP-Seq and ATF4 motif analysis at 
gene and miRNA promoters. The blue rectangles represent the promoter regions of genes and pre-
miRNAs, including the ATF4-binding motifs predicted by JASPAR. The yellow rectangles indicate LSD1-
binding peaks detected by ChIP-Seq in the BT165 cell line. The orange rectangles indicate the genes 
and miRNAs characterized by LSD1 peaks and ATF4 motifs in their promoter regions. 
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6.2.2 Transcriptomic analysis of differentially expressed genes following LSD1 silencing in 

BT165 

 

To investigate transcriptomic changes following LSD1 silencing in the BT165 cell line, we analyzed 

the mRNA-Seq dataset published by Faletti et al., 2021, using hg38 as the reference genome. After 

quantification, only genes with TPM expression > 1 in at least one sample were considered, resulting 

in a total of 16,941 expressed genes. Differential analysis identified 95 DEGs between LSD1-silenced 

and controls. Of these, 74 genes exhibit LSD1 binding peaks in their promoter regions, while 93 

genes exhibit the presence of ATF4 motifs. In particular, the 74 genes with LSD1 peaks also exhibit 

ATF4 motifs with distinct scores: 10 genes with a low score, 37 with a medium score, and 27 with a 

high score. Table 6.2 reports the list of the 95 DEGs with the annotation for the presence or absence 

of LSD1 peaks and ATF4 motifs (low, medium or high) in their promoter regions, while Figure 6.8 

shows the unsupervised hierarchical clustering of the 95 DEGs, characterized by the annotation of 

the presence of LSD1 and ATF4 motifs. 

 

DEGs LSD1 ATF4 

ENSG00000004487_KDM1A LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000006283_CACNA1G LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000008282_SYPL1 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000008283_CYB561 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000018625_ATP1A2 LSD1_ABSENCE JASPAR_PRESENCE_HIGH 

ENSG00000041982_TNC LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000063854_HAGH LSD1_PRESENCE JASPAR_PRESENCE_LOW 

ENSG00000064300_NGFR LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000064666_CNN2 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000064886_CHI3L2 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000064989_CALCRL LSD1_ABSENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000069482_GAL LSD1_PRESENCE JASPAR_PRESENCE_LOW 

ENSG00000070669_ASNS LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000072682_P4HA2 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000089169_RPH3A LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000091972_CD200 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000100095_SEZ6L LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000100889_PCK2 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000101255_TRIB3 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000102158_MAGT1 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000111845_PAK1IP1 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000111981_ULBP1 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000113356_POLR3G LSD1_PRESENCE JASPAR_PRESENCE_LOW 

ENSG00000113732_ATP6V0E1 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000114209_PDCD10 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 
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ENSG00000116990_MYCL LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000117054_ACADM LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000122203_KIAA1191 LSD1_PRESENCE JASPAR_PRESENCE_LOW 

ENSG00000125355_TMEM255A LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000128923_MINDY2 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000128965_CHAC1 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000130513_GDF15 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000130818_ZNF426 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000135046_ANXA1 LSD1_ABSENCE JASPAR_PRESENCE_HIGH 

ENSG00000135069_PSAT1 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000135535_CD164 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000136770_DNAJC1 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000136874_STX17 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000138944_SHISAL1 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000139269_INHBE LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000139324_TMTC3 LSD1_PRESENCE JASPAR_PRESENCE_LOW 

ENSG00000139433_GLTP LSD1_ABSENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000140105_WARS1 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000140287_HDC LSD1_ABSENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000150893_FREM2 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000151012_SLC7A11 LSD1_ABSENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000152377_SPOCK1 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000153214_TMEM87B LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000159658_EFCAB14 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000162692_VCAM1 LSD1_ABSENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000163577_EIF5A2 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000164106_SCRG1 LSD1_ABSENCE JASPAR_PRESENCE_HIGH 

ENSG00000165169_DYNLT3 LSD1_PRESENCE JASPAR_PRESENCE_LOW 

ENSG00000165323_FAT3 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000167315_ACAA2 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000169241_SLC50A1 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000172340_SUCLG2 LSD1_PRESENCE JASPAR_PRESENCE_LOW 

ENSG00000175197_DDIT3 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000175582_RAB6A LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000176018_LYSMD3 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000178741_COX5A LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000180287_PLD5 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000180573_H2AC6 LSD1_PRESENCE JASPAR_PRESENCE_LOW 

ENSG00000181019_NQO1 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000182118_FAM89A LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000185947_ZNF267 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000186063_AIDA LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000186951_PPARA LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000187735_TCEA1 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000197008_ZNF138 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000198521_ZNF43 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000198692_EIF1AY LSD1_ABSENCE JASPAR_PRESENCE_HIGH 
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ENSG00000199673_SNORD16 LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000201654_RNU6-7 LSD1_ABSENCE JASPAR_PRESENCE_LOW 

ENSG00000202337_RNU6-8 LSD1_ABSENCE JASPAR_PRESENCE_LOW 

ENSG00000205133_TRIQK LSD1_PRESENCE JASPAR_PRESENCE_HIGH 

ENSG00000229509 LSD1_ABSENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000235513_L3MBTL2-AS1 LSD1_ABSENCE JASPAR_PRESENCE_HIGH 

ENSG00000250091_DNAH10OS LSD1_ABSENCE JASPAR_PRESENCE_LOW 

ENSG00000256879_PDE3A-AS1 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000257365_FNTB LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000257379 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000258800 LSD1_ABSENCE JASPAR_PRESENCE_HIGH 

ENSG00000259976 LSD1_ABSENCE JASPAR_PRESENCE_LOW 

ENSG00000260335 LSD1_ABSENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000267127 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000270249 LSD1_PRESENCE JASPAR_PRESENCE_LOW 

ENSG00000271153_RPL23AP88 LSD1_ABSENCE JASPAR_PRESENCE_LOW 

ENSG00000275140_SEC22B3P LSD1_ABSENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000275342_PRAG1 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000288905_LSP1P5 LSD1_PRESENCE JASPAR_PRESENCE_LOW 

ENSG00000290226 LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000291080_ZNF252P LSD1_PRESENCE JASPAR_PRESENCE_MEDIUM 

ENSG00000293516_ZNF271P LSD1_ABSENCE JASPAR_ABSENCE 

ENSG00000305485 LSD1_ABSENCE JASPAR_ABSENCE 
 

Table 6.2. List of differentially expressed genes identified in LSD1-silenced vs control in BT165 with LSD1 
and ATF4 annotation. The first column reports the name of each DEG, the second column indicates the 
presence or absence of LSD1 binding peaks in the corresponding promoter regions obtained from LSD1 ChIP-
Seq, and the third column indicates the presence or absence of ATF4 motifs obtained from JASPAR. The 74 
DEGs characterized by LSD1 peaks and ATF4 motifs in their promoter regions are written in red. 
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6.2.3 Identification of miR-124-3p as an upstream regulator of DEGs 

 

The 95 DEGs between LSD1-silenced and controls were used as input for a Core Analysis of IPA, thus 

obtaining miR-124-3p as an upstream regulator (and other miRNAs with AAGGCAC seed). The forms 

of this mature miRNA were explored and only two precursors (hsa-mir-124-1 and hsa-mir-124-3) 

are characterized by the presence of LSD1 peaks and ATF4 motifs in their promoter region. In 

particular, in Figure 6.9 the promoter regions of these pre-miRNAs are shown on the UCSC Genome 

Browser. 

Figure 6.8. Heatmap showing the unsupervised hierarchical clustering of 95 DEGs with LSD1 and ATF4 
annotations. The two experimental groups, LSD1 silenced (LSD1 shRNA) and control (shNT), are indicated 
in orange and cyan, respectively. For each gene, the annotation related to the presence (green) or absence 
(red) of LSD1 binding peaks in the promoter region is reported. The annotation related to ATF4 is also 
shown, indicating the score of the binding motif: low, medium, and high, represented by different shades 
of yellow, while absence is indicated in purple. 
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6.2.4 LSD1-Dependent regulation of miR-124-3p and its target genes 

 

The analysis performed with IPA has revealed that miR-124-3p acts as an upstream regulator of 

genes differentially expressed between LSD1-silenced cells and controls. We therefore focused on 

identifying the target genes of this miRNA to define an LSD1-mediated regulatory network. 

Specifically, the target genes of miR-124-3p were obtained by intersecting miRTarBase and 

TargetScan databases. For miRTarBase, we selected only the miR-124-3p target genes with 

interactions classified as non “weak”, obtaining a total of 1,4 4 target genes. For TargetScan, 

instead, the entire database was used without filters, including 1,820 target genes for the same 

miRNA. 

The integration of the two databases allowed the identification of 518 common target genes of miR-

124-3p. Among these, only the genes expressed in the mRNA-seq of Faletti et al. 2021 were selected 

with TPM >1 in at least one sample, resulting in a final list of 468 target genes (Figure 6.10A). 

Among these 468 genes, 12 were differentially expressed between LSD1-silenced and controls and 

also exhibited peaks of LSD1 and the ATF4 motif in their promoter region. Figure 6.10B shows a 

heatmap of these 12 DEGs, annotated with LSD1 and ATF4, which were all downregulated following 

LSD1 silencing. 

Finally, this result was represented through a regulatory network (Figure 6.10C), constructed with 

Cytoscape. The network shows that LSD1 regulates miR-124-3p, which in turn downregulates the 

12 DEGs, which exhibit both LSD1 and the ATF4 motif in their promoter region. 

 

 

 

 

 

 

Figure 6.9. Schematic representation of the promoter regions of hsa-mir-124-1 and hsa-mir-
124-3 in UCSC Genome Browser. Visualization of the promoter regions of the precursors hsa-
mir-124-1 (A) and hsa-mir-124-3 (B) using UCSC Genome Browser. In both panels are shown 
LSD1 binding peaks derived from ChIP-seq in BT165 (black track), ATAC-Seq (black track), the 
promoter region of pre-miRNAs (blue track), the ATF4 motifs identified by JASPAR, and the cCREs 
annotated by the ENCODE consortium. 
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Figure 6.10. LSD1-dependent regulatory network involving miR-124-3p and its target genes. (A) Venn 
diagram showing target genes shared between miRTarBase and TargetScan and genes expressed in mRNA-
seq from Faletti et al. 2021. (B) Heatmap showing the hierarchical clustering of the 12 DEGs between LSD1-
silenced (LSD1 shRNA, orange) and controls (shNT, cyan). Genes are annotated as DEGs (pink) or non-DEGs 
(blue), based on the presence of LSD1 (green) or absence (red), and based on the presence of the ATF4 motif 
(yellow) or absence (purple). (C) LSD1-ATF4-miRNA mediated regulatory network mediated of miR-124-3p. 
LSD1 is highlighted with a green rectangle, the miRNA in purple, and the target genes in orange. 
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6.2.5 Evidence from Wang et al. 2021 shows miR-124-3p downregulation in GBM 

 

Since miRNA-Seq data are not available for the BT165 cell model, to assess miR-124-3p expression 

in GBM, we downloaded a miRNA-Seq dataset published by Wang et al., 2021. Specifically, in this 

study, the authors identified five clusters of 50 miRNAs each, differentially expressed compared to 

normal tissues and miR-124-3p was also included among these. 

Figure 6.11 shows the expression level of miR-124-3p in GBM samples compared to normal tissues 

analyzed in the study by Wang et al., 2021. The comparison between the two groups, performed 

using the Wilcoxon test, shows a significant downregulation of miR-124-3p in tumor samples (p-

value < 0.0001). 

 

 

 

This finding is consistent with what was observed in our cell model. In particular, Figure 6.9B shows 

a heatmap in which, following LSD1 silencing via shRNA, target genes are downregulated compared 

to controls. This strengthens the hypothesis that miR-124-3p is normally downregulated in GBM, 

  
 
  
  
  
 
  
  
 
  
   
 
  
  
 
 
  

                        

Figure 6.11. MiR-124-3p expression in glioblastoma samples and normal tissues. 
MiR-124-3p expression levels, measured in log2(TPM), in GBM samples compared 
to normal control tissues. The orange boxplot represents GBM samples, while the 
light blue boxplot represents normal tissues. The data show a significant difference 
in expression between the two groups (p-value < 0.0001). 
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thus allowing the overexpression of its target genes. Conversely, LSD1 inhibition leads to increased 

miR-124-3p expression, resulting in the repression of its targets. 

In summary, we hypothesize that LSD1 inhibition promotes the transcriptional activation of miR-

124-3p, while under physiological conditions, LSD1 contributes to its repression (Figure 6.12). 

 

 

 

 

 

 

 

 

 

Figure 6.12. Hypothetical model of the role of LSD1 in the transcriptional regulation of miR-124-
3p in GBM. According to our hypothesis, under physiological conditions in BT165 cells, LSD1 
(purple) represses the transcription of miR-124-3p. Consequently, miR-124-3p is downregulated 
and unable to inhibit the expression of its target genes, which are therefore upregulated. 
Conversely, when LSD1 is silenced via shRNA, miR-124-3p is transcribed and acts to repress the 
expression of its target genes. Image created with BioRender. 
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6.2.6 Multi-omics analysis of the Wang et al., 2021 dataset 

 

In the second phase of the second project, due to the lack of miRNA-Seq and circRNA-Seq data for 

the BT165 cell line used in the first phase, mRNA-Seq, miRNA-Seq, and circRNA-Seq data published 

by Wang et al. (2021) and obtained from GBM patient samples were analyzed. 

To explore the molecular mechanisms specific to the proneural subtype, corresponding to the 

model represented by the BT165 cell line, only GBM samples belonging to this subtype were 

selected, resulting in a total of 29 tumor samples.  

For the mRNA-Seq and miRNA-Seq datasets, the availability of eight normal tissue samples as 

controls made it possible to perform a differential expression analysis, which identified 6069 DEGs 

and 124 DEMs. 

Regarding the circRNA-Seq data, due to the absence of control samples, a differential expression 

analysis could not be performed. Therefore, circRNAs expressed with FPKM > 1 in at least one 

sample and annotated in the CSCD2 database were considered, yielding a total of 1888 circRNAs. 

Subsequently, a Spearman anticorrelation analysis was conducted between DEMs and DEGs, 

considering as significant those pairs with a correlation coefficient < –0.6. This analysis identified 39 

DEM–DEG interactions, corresponding to 18 DEMs and 37 DEGs (Table 6.3). 

Based on the 18 DEMs identified, circRNAs potentially capable of targeting (sponging) these miRNAs 

were subsequently searched for, resulting in 213 circRNA–DEM interactions, corresponding to 204 

circRNAs interacting with 15 of the 18 DEMs. 

Finally, to assess the potential epigenetic involvement of LSD1, LSD1 ChIP-Seq data obtained from 

the BT165 cell line (Faletti et al., 2021) were analyzed to verify the presence of binding peaks in the 

promoter regions of the identified DEGs and DEMs (±2,500 bp from the TSS). 

The analysis revealed that 13 of the 18 DEMs and 20 of the 37 DEGs showed LSD1 binding peaks in 

their respective promoter regions (Table 6.4 and Table 6.5).  

The overall analysis workflow is illustrated in Figure 6.13. 

 

DEMs DEGs 

hsa-miR-139-5p MAML2 
hsa-miR-128-3p MAML2 
hsa-miR-218-5p SOX11 

hsa-miR-106b-5p NFAM1 
hsa-miR-10a-5p CD180 
hsa-miR-491-5p WNK4 
hsa-miR-10a-5p TREM2 
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hsa-miR-16-2-3p NAT2 
hsa-miR-16-2-3p STEAP3 
hsa-miR-16-2-3p ANO6 
hsa-miR-10a-5p ITGB2 
hsa-miR-128-3p ZNF850 

hsa-miR-106b-5p PTGER4 
hsa-miR-138-1-3p MPZ 
hsa-miR-224-5p TP53INP1 
hsa-miR-128-3p YBX1 
hsa-miR-16-2-3p CCL20 
hsa-miR-130b-5p STEAP2 
hsa-miR-210-3p IGSF6 
hsa-miR-10a-5p IGSF6 
hsa-miR-183-3p CALB1 
hsa-miR-15b-3p ITGBL1 

hsa-miR-106b-5p SLC2A5 
hsa-miR-10a-5p KCNE3 

hsa-miR-106b-5p CYBB 
hsa-miR-106b-5p GPR183 
hsa-miR-485-5p MYCN 
hsa-miR-10a-5p LILRA2 
hsa-miR-4325 RGS4 

hsa-miR-106b-5p IER3 
hsa-miR-106b-5p CSF2RA 
hsa-miR-106b-5p NCF2 

hsa-miR-7977 DLGAP3 
hsa-miR-106b-5p GBP2 
hsa-miR-128-3p SIX1 

hsa-miR-6842-3p GYLTL1B 
hsa-miR-218-5p XRCC2 

hsa-miR-196a-5p TMEM154 
hsa-miR-218-5p MEX3A 

Table 6.3. List of 39 DEM–DEG interactions. The first column represents the DEMs targeting the 
corresponding DEGs shown in the second column. 

 

DEMs LSD1 

hsa-miR-106b-5p LSD1_PRESENCE 

hsa-miR-10a-5p LSD1_PRESENCE 

hsa-miR-128-3p LSD1_PRESENCE 

hsa-miR-130b-5p LSD1_PRESENCE 

hsa-miR-138-1-3p LSD1_PRESENCE 

hsa-miR-139-5p LSD1_PRESENCE 

hsa-miR-15b-3p LSD1_PRESENCE 

hsa-miR-16-2-3p LSD1_PRESENCE 

hsa-miR-183-3p LSD1_PRESENCE 

hsa-miR-196a-5p LSD1_PRESENCE 

hsa-miR-210-3p LSD1_PRESENCE 
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hsa-miR-218-5p LSD1_PRESENCE 

hsa-miR-224-5p LSD1_ABSENCE 

hsa-miR-4325 LSD1_ABSENCE 

hsa-miR-485-5p LSD1_ABSENCE 

hsa-miR-491-5p LSD1_PRESENCE 

hsa-miR-6842-3p LSD1_ABSENCE 

hsa-miR-7977 LSD1_ABSENCE 
Table 6.4. List of 18 DEMs found in the DEM-DEG interactions with LSD1 annotation. 

 

DEGs LSD1 

ANO6 LSD1_PRESENCE 

CALB1 LSD1_ABSENCE 

CCL20 LSD1_ABSENCE 

CD180 LSD1_ABSENCE 

CSF2RA LSD1_ABSENCE 

CYBB LSD1_ABSENCE 

DLGAP3 LSD1_PRESENCE 

GBP2 LSD1_PRESENCE 

GPR183 LSD1_ABSENCE 

GYLTL1B LSD1_ABSENCE 

IER3 LSD1_PRESENCE 

IGSF6 LSD1_ABSENCE 

ITGB2 LSD1_PRESENCE 

ITGBL1 LSD1_ABSENCE 

KCNE3 LSD1_ABSENCE 

LILRA2 LSD1_ABSENCE 

MAML2 LSD1_PRESENCE 

MEX3A LSD1_PRESENCE 

MPZ LSD1_ABSENCE 

MYCN LSD1_PRESENCE 

NAT2 LSD1_ABSENCE 

NCF2 LSD1_ABSENCE 

NFAM1 LSD1_PRESENCE 

PTGER4 LSD1_PRESENCE 

RGS4 LSD1_ABSENCE 

SIX1 LSD1_PRESENCE 

SLC2A5 LSD1_PRESENCE 

SOX11 LSD1_PRESENCE 

STEAP2 LSD1_PRESENCE 

STEAP3 LSD1_PRESENCE 

TMEM154 LSD1_PRESENCE 

TP53INP1 LSD1_PRESENCE 

TREM2 LSD1_ABSENCE 

WNK4 LSD1_ABSENCE 

XRCC2 LSD1_PRESENCE 

YBX1 LSD1_PRESENCE 
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ZNF850 LSD1_PRESENCE 
Table 6.5. List of 37 DEGs found in the DEM-DEG interactions with LSD1 annotation 
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Heatmaps depicting the 18 DEMs and 37 DEGs differentially expressed between GBM and control 

tissues, annotated with the presence of LSD1 peaks, are shown in Figures 6.14A and 6.14B, 

respectively. 

The final regulatory network, integrating the 39 DEM–DEG interactions, the 204 circRNA–DEM 

interactions, and the LSD1–DEM and LSD1–DEG connections, was constructed using the NetworkX 

package in Python and is presented in Figure 6.14C. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.13. Schematic representation of the workflow used for the data analysis of Wang et al., 2021. The 
yellow rectangles represent the mRNA-Seq data from which 6069 DEGs were identified, the light blue 
rectangles indicate the miRNA-Seq data and the 124 DEMs, the green rectangles show the circRNA-Seq data 
and the circRNAs obtained by integrating the dataset with the CSCD database represented in purple. The 
Spearman anticorrelation analysis in purple allowed to identify 39 DEM–DEG interactions (red rectangle). 
The LSD1 ChIP-Seq data from Faletti et al., 2021 is represented in yellow, the light blue indicates the DEMs 
with LSD1 peaks and the green the DEGs with LSD1 peaks. The graphical integration of all this information 
allowed to obtain the gene–miRNA–circRNA–LSD1 regulatory network (pink). 

Figure 6.14. Analysis of LSD1-centered interactions among DEMs and DEGs in GBM and normal tissues. (A) 
Heatmap of the 18 DEMs and (B) of the 37 DEGs identified between glioblastoma (GBM, in orange) and normal 
tissue samples (in cyan), involved in the 39 DEM–DEG interactions. For each DEM and DEG, the presence of LSD1 
in their promoter regions is indicated in green, while its absence is shown in red. 
(C) LSD1-centered regulatory network illustrating the DEM–DEG, circRNA–DEM, LSD1–DEM, and LSD1–DEG 
interactions. LSD1 is shown in yellow, circRNAs in green, miRNAs in blue, and genes in orange. 
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7. DISCUSSION 
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7.1 Discussion of the endothelial regulatory network project 

 

TFEB is a transcriptional regulator that plays a key role in autophagy, lysosomal processes, and the 

maintenance of endothelial homeostasis. Specifically, its activity contributes to the stability and 

function of the endothelium, which are essential for maintaining vascular integrity. In this first 

project of the thesis, we explored the molecular mechanisms through which TFEB exerts its 

transcriptional function in endothelial cells, using HUVEC cells as an experimental model. 

To achieve this goal, we developed an integrative approach based on bioinformatics analyses of 

high-throughput sequencing data, including ChIP-Seq, mRNA-Seq, and miRNA-Seq. Specifically, the 

study of gene expression and miRNA profiles in TFEB-silenced HUVECs allowed us to systematically 

delineate the regulatory network associated with this transcription factor, highlighting the specific 

contribution of miRNAs in modulating its activities. Our result not only provides a useful resource 

for future functional analyses, but also highlights how interactions between transcription factors 

and miRNA-mediated regulatory circuits constitute a crucial level of molecular control in endothelial 

cells. The data obtained demonstrates the broad involvement of miRNAs in modulating TFEB 

function, confirming observations already reported in different endothelial models.103,104,105 In this 

context, our study contributes to expanding our knowledge of the impact of noncoding RNAs in 

regulating endothelial function, with particular reference to TFEB activity. 

Our results revealed overlap between TFEB ChIP-Seq data from HUVECs and a set of annotated 

promoter regions in the genome, including both mRNA-coding genes and pri-miRNAs. Significant 

TFEB binding peaks were found in the promoters of genes and miRNAs differentially expressed 

following TFEB silencing, indicating the factor's direct involvement in their transcriptional 

regulation. However, the TSS catalog used does not represent a complete and up-to-date repertoire 

of promoter regions; therefore, it is plausible that more recent versions may reveal additional 

regulatory interactions mediated by TFEB.106 This is particularly relevant for miRNAs, which are 

known to use alternative promoters to those close to the TSS of the pri-miRNAs considered in this 

study.107 

Another aspect concerns the distribution of binding peaks with respect to the regulatory elements 

identified by the ENCODE consortium. As shown in Figure 7.1, only a limited fraction of TFEB peaks 

coincide with promoter elements, while the majority are associated with distal enhancers. This 

finding suggests that the regulatory network modulated by TFEB in endothelial cells is much more 

extensive than that evidenced by promoters alone, and that distal or indirect interactions may play 

a crucial role, especially under conditions of factor silencing. 
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Figure 7.2 clarifies the possible regulatory mechanisms suggested by the distribution of TFEB binding 

peaks. Panel A illustrates promoter-based regulation, in which TFEB binds to promoter regions of 

protein-coding genes and miRNAs, consistent with direct transcriptional control. Panel B depicts a 

putative enhancer-mediated regulatory mechanism, in which TFEB binding to distal enhancer 

elements may influence target gene expression through chromatin looping. 

 

 

Figure 7.1. Overlap between TFEB peaks in HUVECs and ENCODE cCREs. The pie chart shows the 
overlap between the catalog of TFEB peaks identified in human endothelial cells (HUVECs) and 
candidate cis-regulatory elements (cCREs) in the human genome, as annotated by the ENCODE 
project. The percentages of overlaps between TFEB peaks and each class of cCREs are also 
reported, considering only cases where the overlap exceeds 100 nucleotides. 
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A final observation concerns the fact that a portion of the identified genes and miRNAs appear to 

be negatively regulated by TFEB. This possibility is supported by previous evidence, including a direct 

example of negative regulation of the MYO1C gene in HUVECs.50 However, the presence of 

repressed targets could also result from indirect mechanisms or the action of specific transcriptional 

cofactors capable of modulating TFEB activity. 

 

In the final phase of this first project, we focused on the seven differentially expressed miRNAs 

(DEMs) that exhibit TFEB binding peaks in their promoter regions following TFEB silencing: miR-

181a-3p, miR-181b-3p, miR-29b-1-5p, miR-222-5p, miR-27a-5p, miR-193a-3p, and miR-339-3p. 

These miRNAs play critical roles in various endothelial cell (EC) functions and vascular biology, 

including vascular inflammation, angiogenesis, endothelial integrity, and vascular remodeling. 

Below, we summarize the specific contribution of each miRNA to vascular health based on current 

literature: 

Figure 7.2. Promoter-based and putative enhancer-mediated regulation by TFEB in endothelial cells. (A) TFEB 
(green) binding to promoter regions of protein-coding genes and miRNAs, consistent with direct transcriptional 
regulation. (B) TFEB binding to distal enhancer elements (pink) that may regulate target gene expression (violet) 
through chromatin looping. (Image created with BioRender). 
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• miR-181a-3p decreases the progression of atherosclerosis by modulating vascular 

inflammation. In ECs, it exerts an anti-inflammatory effect by downregulating adhesion 

molecules such as ICAM-1 and VCAM-1, as well as the NF-κB essential modulator (NEMO);108 

• miR-339-3p is upregulated in vascular smooth muscle cells (VSMCs) in response to 

angiotensin II type 1 receptor autoantibodies (AT1-AA), contributing to vascular 

inflammation;109 

• miR-181b-3p is overexpressed in chronic obstructive pulmonary disease (COPD) and is 

associated with pulmonary endothelial dysfunction. In vitro, its overexpression in HUVECs 

reduces endothelial sprouting, impairing angiogenesis;110 

• miR-29b-1-5p is downregulated in damaged endometrial stromal cells (ESCs) co-cultured 

with Wharton’s jelly mesenchymal stem cells (WJ-MSCs), promoting angiogenesis through 

upregulation of RAPB1;111 

• miR-222-5p is known to inhibit the angiogenic activity of stem cell factor (SCF) by targeting 

c-Kit.99 It is also upregulated in VSMCs treated with oxidized LDL, contributing to 

atherosclerosis development;112 

• miR-27a-5p is reduced in exosomes derived from Tsp-1-expressing microglia, leading to 

increased Smad3 expression in ECs and reduced retinal neovascularization, suggesting a 

protective role in maintaining vascular homeostasis and preventing pathological 

angiogenesis;113 

• miR-193a-3p is implicated in the pathogenic mechanisms of vascular conditions such as 

obstructive sleep apnea (OSA), aortic dissection (AD), and angiogenesis, regulating 

endothelial functions in HUVECs, VSMCs, and circulating endothelial colony-forming cells 

(ECFCs).114,115,116 

Table 7.1 recapitulates the functions and mechanisms/targets of the seven miRNAs discussed in this 

study. 

 

miRNA Function Mechanism / Target 

miR-181a-3p 
Anti-inflammatory; slows 

atherosclerosis progression 

Reduces ICAM-1, VCAM-1, and 

NEMO expression in ECs 

miR-339-3p 
Promotes vascular 

inflammation 

Upregulated in VSMCs in response 

to AT1-AA 



85 

 

miR-181b-3p 
Impairs angiogenesis in 

pulmonary endothelium 

Reduces endothelial sprouting in 

HUVECs; associated with COPD 

miR-29b-1-5p Promotes angiogenesis 
Upregulation of RAPB1 in ESCs co-

cultured with WJ-MSCs 

miR-222-5p 
Anti-angiogenic; contributes to 

atherosclerosis 

Targets c-Kit; upregulated in 

VSMCs treated with ox-LDL 

miR-27a-5p 

Maintains vascular 

homeostasis; suppresses 

pathological angiogenesis 

Downregulated in Tsp-1 microglia 

exosomes; increases Smad3 in ECs 

miR-193a-3p 

Regulates endothelial and 

VSMC functions; involved in 

vascular pathology 

Influences HUVECs, VSMCs, and 

circulating ECFCs; implicated in 

OSA and aortic dissection 

Table 7.1. Summary of the seven differentially expressed miRNAs (DEMs) with TFEB promoter binding 
peaks identified in this study, highlighting their functions in vascular biology and known molecular 
mechanisms or targets. 

 

Out of the 7 DEMs identified, we directed our attention to miR-222 and its downstream targets, 

E2F1 and CDK1, because they are implicated in a particularly specific function of TFEB in endothelial 

cells: the control of the transition from the G1 phase to the S phase of the cell cycle.50 Following 

TFEB silencing, we observed an increase in both the primary transcript and mature miR-222, while 

E2F1 and CDK1 levels decreased. This pattern strongly suggests a direct regulatory link between 

TFEB and miR-222 in HUVECs, highlighting a previously unrecognized mechanism by which TFEB 

influences endothelial cell behavior (Figure 6.5). 

The subset of miRNAs and genes depicted in Figure 6.4a represent only a fraction of those altered 

after TFEB silencing. To explore the potential functional implications, we applied ToppGene to 

identify enriched biological processes, thus revealing an enrichment for pathways related to cell 

cycle progression and DNA replication, reinforcing the role of these genes in proliferative control. 

Although TFEB ChIP-Seq experiments have been conducted in other cell types, including HeLa, 

human EndoC-βH1, and HEK293 lines,45,46,117,118,119 prior studies have not thoroughly examined 

TFEB’s capacity to regulate miRNAs. Our study, therefore, constitutes the first comprehensive 

mapping of a TFEB-driven miRNA regulatory network in HUVECs, unveiling a novel perspective on 

how TFEB orchestrates endothelial function through non-coding RNA-mediated mechanisms. 
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7.2 Discussion of the glioblastoma regulatory network project 

 

In the second project of this thesis, we investigated the role of the epigenetic regulator LSD1 and its 

ATF4 cofactor in glioblastoma tumor-initiating cells (GBM TICs), using BT165 as cellular model, 

representing an example of proneural subtype. LSD1 is a well-established epigenetic regulator in 

GBM and has been shown to contribute to the maintenance of stem-like properties in GBM TICs, 

supporting self-renewal and tumorigenic potential. Faletti et al., 2021 demonstrated that ATF4 acts 

as a cofactor for LSD1, suggesting that the LSD1–ATF4 complex may orchestrate transcriptional 

networks critical for GBM TIC biology.71 

The integration of LSD1 ChIP-Seq and mRNA-Seq data from GBM#22 TICs allowed the identification 

of thousands of LSD1-bound genomic regions, including promoters of genes and pri-miRNAs. Motif 

analysis revealed that the majority of the LSD1-bound promoters also contained ATF4 motifs, 

supporting a model in which LSD1 and ATF4 cooperate to regulate gene transcription. Differential 

expression analysis in LSD1-silenced versus control, followed by Ingenuity Pathway Analysis (IPA), 

highlighted miR-124-3p as a putative upstream regulator. Only hsa-mir-124-1 and hsa-mir-124-3 

displayed both LSD1 and ATF4 binding at their promoter regions, indicating a direct regulatory 

relationship. 

MiR-124-3p is widely recognized in literature as a tumor suppressor in GBM, and it is generally 

downregulated in tumor tissues compared to normal brain, as reported in several recent works. 

Experimental studies in vitro and in vivo have shown that its overexpression in GBM cell lines 

(including U87, U251, T98G, and C6) reduces proliferation, migration, invasiveness, angiogenesis, 

and stemness traits. Notably, regulation of targets such as CDK6, PPPR13L, SNAI2, RhoG, NRP-1, 

SDCBP, and EPHA2 underscores its impact on key pathways controlling cell proliferation, cell cycle, 

motility, and stem-like features.120,121,122,123,124,125,126,127 Additional epigenetic mechanisms, including 

ALKBH5-mediated m6A modification, further modulate stemness via inhibition of EPHA2, suggesting 

novel regulatory elements that could be therapeutically exploited.126 

Beyond molecular effects, clinical evidence indicates that miR-124-3p is also reduced systemically, 

as observed in circulating exosomes from patients with high-grade gliomas, supporting its relevance 

as a non-invasive biomarker for disease diagnosis and monitoring. Moreover, its overexpression 

increases the sensitivity of GBM cells to temozolomide, by downregulating DNA repair genes and 

potentially enhancing standard treatment efficacy.127 In general, miR-124-3p has a central role in 

controlling proliferation, stemness, and therapeutic response in GBM, and suggest that modulation 
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of this microRNA, through epigenetic or pharmacological strategies, may represent a promising 

approach to limit tumor progression and improve treatment outcomes. 

Our results highlighted the role of miR-124-3p as a tumor suppressor downstream of LSD1. In 

GBM#22 TICs under basal conditions (without LSD1 silencing), the predicted target genes of miR-

124-3p (LYSMD3, SLC50A1, POLR3G, ATP6V0E1, DNAJC1, SYPL1, SUCLG2, CD164, MAGT1, ACAA2, 

EFCAB14, and TRIB3) are upregulated, supporting the hypothesis that miR-124-3p is downregulated 

in these cells. Upon LSD1 silencing, miR-124-3p is upregulated, leading to downregulation of these 

target genes, suggesting that LSD1 may suppress miR-124-3p expression in GBM TICs.  

The 12 target genes of miR-124-3p participate in cell cycle regulation, transcriptional control, and 

maintenance of stem cell properties, indicating that the LSD1–miR-124-3p axis plays a key role in 

the characteristics of tumor-initiating cells in glioblastoma. Among these, DNAJC1, SYPL1, CD164, 

MAGT1, and TRIB3 are overexpressed in GBM and promote cell proliferation, invasiveness, survival, 

and resistance to therapies, constituting potential biomarkers and specific therapeutic 

targets.128,129,130,131,132 The other targets have been implicated in several tumors: LYSMD3 in 

papillary thyroid cancer,133 SLC50A1 in breast cancer,134,135 POLR3G in lung, liver, and bladder 

cancers,136,137,138 ATP6V0E1 in esophageal cancer,139,140 SUCLG2 in thyroid and prostate 

cancers,141,142 and ACAA2 in ovarian cancer.143 EFCAB14, however, has no relevant evidence in 

oncology. These data suggest that, despite originating from different tumor contexts, upregulation 

of these genes supports general pro-tumor functions, such as proliferation, metabolism, and 

progression. A summary of the oncogenic landscape of the 12 predicted targets of miR-124-3p is 

presented in Table 7.2. 

 

Target gene Associated cancer(s) Role/Function 

DNAJC1 Glioblastoma 

Upregulated; promotes proliferation, 

migration, epithelial-to-mesenchymal 

transition, extracellular matrix 

remodeling, and macrophage 

infiltration; poor survival 128 

SYPL1 Glioblastoma 

Upregulated; regulates extracellular 

vesicle biogenesis and trafficking, 

microenvironment plasticity 129 
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CD164 Glioblastoma 

Upregulated; enhances proliferation, 

migration, invasiveness via Akt/Beclin-1 

and autophagy regulation 130 

MAGT1 Glioma 

Upregulated; promotes growth and 

radioresistance, activates ERK/MAPK 

and PD-L1 → immune evasion 131 

TRIB3 Glioblastoma 

Upregulated; inhibits autophagy, 

favoring tumor survival and therapy 

resistance 132 

LYSMD3 Papillary thyroid carcinoma 

Overexpressed; poor prognosis; LysM-

domain protein involved in recognition 

and intracellular trafficking 133 

SLC50A1 Breast cancer 
Overexpressed; promotes metabolism, 

growth; poor outcome 134,135 

POLR3G 
NSCLC, hepatocellular 

carcinoma, bladder cancer 

Overexpressed; promotes epithelial-to-

mesenchymal transition, proliferation, 

invasiveness, metastasis, regulates 

Wnt/MAPK pathways 136,137,138 

ATP6V0E1 
Esophageal squamous cell 

carcinoma 

Upregulated via NAT10-mediated ac4C; 

enhances lysosomal acidification, E-

cadherin degradation, epithelial-to-

mesenchymal transition, metastasis 

139,140 

SUCLG2 
Thyroid carcinoma, prostate 

carcinoma 

Overexpressed; modulates TCA cycle 

and lipid metabolism; poor prognosis 

141,142 

ACAA2   Ovarian carcinoma 

Overexpressed; regulates fatty acid 

metabolism, promotes proliferation, 

migration, invasion 143 

EFCAB14 Not reported 
No relevant oncological evidence 

available 

Table 7.2. Summary of miR-124-3p predicted target genes and their cancer-related functions. 
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To further validate the relevance of miR-124-3p in GBM, we analyzed patient-derived miRNA-Seq 

data from Wang et al., 2021.64 Despite being derived from bulk GBM tissue rather than TICs, this 

analysis revealed significant downregulation of miR-124-3p in GBM samples compared to normal 

tissue, particularly within the proneural subtype, which corresponds to the molecular identity 

BT165. While these data provide additional support for our model, differences in cellular 

composition and context between patient samples and TICs represent a limitation of this 

comparison. 

Importantly, our study is based on integrative bioinformatics analysis combining ChIP-Seq, mRNA-

Seq, and miRNA target prediction, and no experimental validation of miR-124-3p targets was 

performed. Nevertheless, the identification of consistent regulatory patterns and differentially 

expressed genes provides a strong rationale for future functional validation, which will be crucial to 

confirm the predicted LSD1–ATF4–miR-124-3p network in GBM TICs. Future perspectives include 

generating a miRNA-Seq dataset specifically on BT165, allowing a direct assessment of miR-124-3p 

expression and activity of its predicted targets in the same cellular context, thereby strengthening 

the mechanistic link between LSD1, ATF4, and miR-124-3p. 

Overall, our study strengthens the hypothesis that LSD1 inhibition can restore miR-124-3p levels, 

reducing the expression of pro-tumor genes and modulating the properties of tumor-initiating cells 

in GBM and that non-coding RNA are involved in GBM tumorigenesis. This finding led us to 

hypothesize that also other miRNAs, as well as circRNAs acting as sponges, might also play important 

roles in GBM, and that exploring their expression and interactions could uncover novel regulatory 

mechanisms. Since miRNA-Seq and circRNA-Seq data were not available for the BT165 cell line, we 

downloaded Wang et al., 2021 omics data to understand the contribution of non-coding RNAs to 

GBM pathogenesis. Given that BT165 represents an example of proneural subtype of GBM, we 

specifically selected patient-derived samples belonging to the same molecular subtype to maintain 

biological consistency with our experimental model. 

The analysis of Wang et al., 2021 data allowed the identification of a substantial number of DEMs 

and a diverse set of expressed circRNAs. Thanks to the integration of these omics data with the LSD1 

ChIP-Seq in BT165 a preliminary but informative regulatory network encompassing miRNA-mRNA 

anticorrelations, circRNA-miRNAs interactions and epigenetic regulation by LSD1 was created. 

This integrative approach revealed that many miRNAs and circRNAs may be involved in GBM, and 

several of them show potential regulation by LSD1, either directly or through intermediary RNA 

layers. These results support the hypothesis that non-coding RNAs, including miRNAs and circRNAs, 
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could contribute to tumorigenic pathways in GBM and may be integrated into epigenetic regulatory 

programs orchestrated by LSD1. 

However, a key limitation of this second phase is the lack of data homogeneity. The different sources 

of data coming from GBM patient samples rather than the BT165 cell line may introduce biological 

variability, and the absence of circRNA controls precluded proper differential expression analysis. 

Therefore, the findings from this phase should be interpreted as preliminary and hypothetical rather 

than conclusive. 

Future studies should aim to validate these findings directly in the BT165 model through the 

generation of matched miRNA-Seq and circRNA-Seq datasets. This would allow a more coherent and 

solid investigation of the epigenetic post-transcriptional regulatory axis involving LSD1, miRNAs, and 

circRNAs in GBM. 

Overall, this analysis provides a valuable framework for future research and supports the idea that 

miRNA and circRNA deregulation may cooperate with epigenetic dysregulation to sustain GBM 

pathogenesis, particularly within the proneural subtype. 
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8. CONCLUSION 
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In conclusion, the results obtained in the two main projects of this thesis underscore the importance 

of a systematic and uniform approach based on the integration of multi-omics data for the study of 

regulatory networks. In the case of TFEB in HUVEC endothelial cells, the reconstruction of the 

regulatory network highlighted how this transcription factor controls not only protein-coding genes 

but also specific miRNAs, such as miR-222, involved in the regulation of cell cycle progression and 

endothelial activity. Similarly, in the study of LSD1 in GBM TICs, the integration of ChIP-Seq and RNA-

Seq data identified miR-124-3p as a key regulator of the LSD1–ATF4 axis, suggesting a functional 

role for miRNAs in modulating transcriptional programs and promoting stem-like and tumorigenic 

properties. 

Although available information on circular RNAs is still limited, their integration into the network 

analyzed in the second project suggests a potential regulatory role, opening new avenues for future 

studies. Overall, the work highlights how short non-coding RNAs, and miRNAs, represent key 

elements in modulating the functions of transcription factors and complex pathological processes. 

The developed bioinformatics pipeline is a powerful and versatile tool for analyzing regulatory 

networks, useful for identifying new therapeutic targets and biomarkers, with potential 

translational applications in oncology and vascular diseases. 
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9. ADDITIONAL WORKS 
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During these 3 years of PhD, in addition to the two main projects described in the previous chapters, 

additional research studies were conducted. 

One study analyzed the role of diacylglycerol kinases (DGKs) in acute myeloid leukemia (AML), with 

the aim of understanding the molecular mechanisms regulating disease progression and evaluating 

their potential as therapeutic targets.144 

Another study explored the dynamics of the gut microbiota in a mouse model of Alzheimer’s 

disease, using a metagenomic approach to characterize the functional changes associated with the 

pathology.145 

 

 

9.1 Bioinformatic investigation of diacylglycerol kinases in acute myeloid leukemia 

 

This study aimed to understand the role of diacylglycerol kinases (DGKs), a family of ten isoenzymes 

involved in regulating lipid signaling, in acute myeloid leukemia (AML). The primary objective was 

to identify isoforms with potential biological and clinical relevance, using public transcriptomic data 

available on IPA. 

The bioinformatic approach included the analysis of three datasets available via IPA: TCGA-LAML, 

BeatAML, and TARGET. These data allowed to compare the expression levels of the different DGK 

isoforms within the AML patient population and assess their potential association with prognosis. 

To this end, Kaplan–Meier survival curves were generated, comparing patients with high, low, or 

normal expression for each isoform. 

Analysis of TCGA-LAML data showed that high DGKA expression correlates with a reduction in 

overall survival, suggesting an unfavorable role in disease progression. Conversely, high expression 

of the DGKG isoform is associated with a better prognosis. Other isoforms, such as DGKE, DGKD, 

and DGKZ, showed no significant associations with survival. Isoforms such as DGKH and DGKQ, which 

are not overexpressed in TCGA-LAML, showed similar, non-significant effects (Figure 9.1). 

Analysis of independent cohorts confirmed some trends but also highlighted differences: in the 

BeatAML dataset, high DGKH expression was associated with reduced survival, while in the TARGET 

dataset, which primarily includes pediatric patients with higher survival rates, a negative correlation 

was observed between survival and high DGKH levels. 

To further investigate the molecular mechanisms, tools such as cBioPortal and Metascape were 

used to analyze gene co-expression networks and identify pathways related to each isoform. The 

analysis highlighted isoform-specific functions: DGKA is associated with immune signaling genes, 
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DGKD with vesicle trafficking and autophagy pathways, while DGKG and DGKZ are related to 

carbohydrate metabolism and neutrophil activity. Cell enrichment analysis suggested opposing roles 

of the isoforms in myeloid differentiation, with DGKA bound to activated T lymphocytes and DGKG 

to CD34+ hematopoietic stem cells. 

These results support the idea that DGKs exert isoform-specific functions in leukemia, influencing 

both cellular transformation and differentiation fate. The identification of DGKA and DGKG as 

opposing prognostic markers highlights the clinical relevance of these isoforms and the need for 

targeted therapeutic approaches. 

Laboratory experiments on AML cell lines (HL-60 and HEL) confirmed the functional importance of 

DGKs, suggesting that simultaneous inhibition of multiple isoforms may be more effective than 

selective targeting of DGKA. 

 
Figure 9.1. Correlation between DGK isoform expression and overall survival of AML patients in the TCGA 
dataset. Patients were divided into three groups based on the expression levels of each isoform: high (red), 
normal (green), and low (blue). For the DGKA isoform, 26 patients showed high expression, 50 medium 
expression, and 30 low expression; the association with overall survival was significant (p = 0.04), indicating 
a negative impact of high expression. Similarly, for DGKG, 30 patients had high expression, 48 medium, and 
27 low, with a significant correlation favoring survival (p = 0.03). The other isoforms did not show statistically 
significant associations with survival: DGKH (25 high, 50 medium, 29 low; p = 0.99), DGKD (28 high, 47 
medium, 31 low; p = 0.76), DGKE (28 high, 53 medium, 26 low; p = 0.51), DGKZ (23 high, 45 medium, 31 low; 
p = 0.55), and DGKQ (28 high, 47 medium, 29 low; p = 0.92). Image adapted from Gravina et al., 2023. 
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9.2 Metagenomic analysis of gut microbiota alterations across disease progression in an 

  z      ’  d               d   

 

This study explored changes in the gut microbiota in a mouse model of Alzheimer's disease (AD) 

using a next-generation metagenomic approach based on clade-specific taxonomic markers. The 

hypothesis is that the gut-brain axis may contribute to disease progression in neurodegenerative 

processes or represent a biological marker. 

The 3xTgAD transgenic mouse model, which reproduces several neuropathological and behavioral 

features typical of human Alzheimer's disease, was used, comparing it to healthy wild-type mice at 

three different developmental time points (2, 6, and 12 months), corresponding to distinct phases 

of disease progression. The mice's feces were subjected to shotgun metagenomic sequencing and 

analyzed with MetaPhlAn 4 software, a tool that accurately quantifies the composition of microbial 

communities through clade-specific genetic markers, distinguishing bacterial genomes at the 

species (SGBs), family (FGBs), order (OGBs), and class (CGBs) levels. Specifically, the study separated 

known SGBs (kSGBs) from those still unclassified (uSGBs), with the aim of assessing how much of 

the gut microbiota in mice with Alzheimer's disease is still unknown and potentially relevant to 

understanding the disease. 

The results reveal that the composition of the gut microbiota in 3xTgAD mice undergoes significant 

changes with age and in relation to the presence of the disease. The main variations are 

concentrated in the Bacteroidetes and Firmicutes phyla, which constitute the dominant groups in 

the gut microbial community. These changes involve both the relative abundance of specific known 

taxa and the emergence or disappearance of numerous unclassified taxa, the so-called uSGBs. One 

of the most notable observations is the large number of unknown microbial species that show 

different patterns in Alzheimer's-affected mice compared to controls, suggesting that a significant 

portion of the microbial variability occurring in the disease belongs to clades not yet described in 

the taxonomic literature. From a temporal perspective, the study highlights that changes in the 

microbial community are not static but evolve over the course of the disease, with a progressive 

remodeling of the microbiota that accompanies aging. In 3xTgAD mice, the changes become more 

marked in the more advanced stages (12 months), when neurodegeneration and cognitive deficits 

are most evident. 

Figure 9.2 illustrates these dynamics, showing the changes in the relative abundance of the main 

microbial taxa in 3xTgAD mice compared to wild-type controls at the three observation time points. 

In particular, the Bacteroidetes and Firmicutes phyla exhibit opposing trends between groups, and 
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age amplifies the differences in microbial composition. This visual representation reinforces the idea 

of a progressive microbiota imbalance associated with both aging and the disease, suggesting a 

functional link between gut dysbiosis and the progression of Alzheimer's symptoms. 

These findings confirm the involvement of the gut microbiota in the pathophysiology of Alzheimer's, 

highlighting that gut bacteria may help modulate inflammatory and immune processes known to 

play a role in disease progression. The observation of specific microbial patterns related to age and 

genotype opens the possibility of using certain taxa as early biomarkers or indicators of Alzheimer's 

disease progression, as well as developing strategies to modulate the microbiota, for example 

through diet, prebiotics, or probiotics, for therapeutic or preventive purposes. 

 

 

 

 

 

 

Figure 9.2. Top expressed taxa in each experimental group. A) Barplot representing the average relative abundance for 
phylum taxonomic level in AD microbiomes vs. their time-matched control counterparts. B) Barplot showing the average 
relative abundance for family taxonomic level in AD microbiomes vs. their time-matched control counterparts. C) Barplot 
representing each detected phylum in AD microbiomes and time-matched control. D) Barplot representing each detected 
family in AD microbiomes and time-matched control. Image adapted from Favero et al., 2024. 
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