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1. INTRODUCTION 

Bioinformatics has revolutionized cancer research by facilitating the combination 
of high-throughput datasets with machine-learning techniques to understand 
complex biological systems. MicroRNAs (miRNAs), which are approximately 
22 nucleotides in length, are small non-coding RNAs that have emerged as essen-
tial regulators of gene expression at the post-transcriptional level. By interacting 
with messenger RNAs (mRNAs) and long non-coding RNAs (lncRNAs), 
miRNAs create complex regulatory networks that control vital cellular functions, 
positioning them as key contributors to various cancer hallmarks. Additionally, 
the discovery of circulating miRNAs (c-miRNAs) in body fluids has enhanced 
their potential as non-invasive biomarkers for cancer diagnosis and prognosis. 

Building on this foundation, this thesis utilizes integrative omics approaches 
to explore the diagnostic and functional relevance of miRNAs in cancer classi-
fication and interactive data exploration. To enhance usability and facilitate in-
depth analysis, an interactive R Shiny application was developed to visualize 
miRNA expression patterns and their miRNA–mRNA–lncRNA interaction net-
works using publicly available datasets from The Cancer Genome Atlas (TCGA) 
and Gene Expression Omnibus (GEO). The tool incorporates multiple analytical 
features, including survival analysis, target information, functional enrichment 
analysis, and drug–miRNA association mapping. It also provides customizable 
visualizations such as volcano plots for differential expression and violin plots 
for expression level distributions. Furthermore, the application enables the explo-
ration of both tissue-specific and circulating miRNA expression profiles, allow-
ing for comprehensive assessment of differential expression patterns. 

In parallel, the datasets from TCGA were leveraged to develop robust machine 
learning (ML) models for tissue-of-origin (TOO) classification across multiple 
cancer types. The ML pipeline demonstrated approximately 99% accuracy using 
ensemble and tree-based algorithms, highlighting its high classification perfor-
mance across diverse cancer types. Reproducible analysis pipelines were estab-
lished to ensure consistency and scalability of the classification framework, rein-
forcing its reliability and robustness. These models and tools highlight the utility 
of miRNA expression profiles in enhancing cancer classification accuracy and 
advancing personalized diagnostics. 

The thesis further broadens its scope to include endometriosis, a chronic gyne-
cological condition that shares pathological characteristics with cancer develop-
ment. This disorder is influenced by hormonal and molecular factors, metabolic 
reprogramming, and immune dysregulation. By utilizing single-cell RNA se-
quencing (scRNA-seq), the thesis explored the transcriptomic profile of endo-
metriotic lesions to uncover cellular heterogeneity and the molecular pathways 
that contribute to the persistence of these endometriotic lesions. Notably, endo-
metriotic lesions exhibited activation of metabolic pathways, with distinct cell 
types demonstrating metabolic reprogramming similar to the Warburg effect 
observed in tumor cells.  



16 

To further investigate the reproductive implications of endometriosis, this 
thesis examines transcriptional alterations in endometrial receptivity genes. Com-
parative transcriptomic analysis of matched endometrium and ovarian endomet-
rioma tissues in endometrioma patients revealed a loss of menstrual cycle 
synchronicity, underscoring the molecular desynchronization of endometrial 
receptivity gene expression and its potential impact on fertility. 

Collectively, this thesis presents an integrative analysis of miRNA-mediated 
gene regulation in cancer alongside a transcriptomic investigation of molecular 
alterations in endometriosis. It highlights critical regulatory networks, metabolic 
pathways, and gene expression changes that underline disease progression and 
inform potential therapeutic strategies. Emphasizing the integration of multi-
omics data, ML, and single-cell transcriptomics, this work reveals disease-speci-
fic molecular signatures that advance our understanding of cancer and endome-
triosis. The identification of cancer-related miRNA biomarkers and transcrip-
tomic disruptions in endometriosis offers new avenues for biomarker discovery 
and precision-targeted therapies. Moreover, the development of reproducible 
computational pipelines and interactive bioinformatics tools strengthens the 
translational impact of this research, providing accessible resources for the bio-
medical community and promoting data-driven innovations in the field of per-
sonalized medicine. 
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2. LITERATURE REVIEW 

2.1. Discovery of miRNAs 
The traditional perspective on gene regulation in biology has focused on protein-
coding genes through the central dogma of DNA → mRNA → protein. However, 
research from various high-throughput genomic studies over the past decade in-
dicates that the evolution of developmental processes driving organismal com-
plexity is largely attributed to the increased regulatory capacity of the noncoding 
regions of the genome (Mattick, 2004; K. C. Wang & Chang, 2011). 

Discovered in 1993 by Victor Ambros and Gary Ruvkun, miRNAs are short 
non-coding RNAs that are approximately 22 nucleotides in length. The duo re-
ceived the 2024 Nobel Prize in Physiology or Medicine for their pivotal work in 
this area. Initially, the very first identified small RNAs, lin-4 (R. C. Lee et al., 
1993; Wightman et al., 1993) and let-7 (Reinhart et al., 2000), were referred to as 
small temporal RNAs (stRNAs) due to their role in controlling the timing of de-
velopmental transitions, but more of such small/tiny RNAs were discovered 
within a decade from their discovery, with their expression was cell-specific and 
not specific to a distinct stage of development. Thus, the term miRNAs was used 
to refer to stRNAs and all the other tiny RNAs having similar features but un-
known functions (Bartel, 2004). miRNAs play a critical role in post-transcrip-
tional gene regulation essential for the development and physiology of multi-
cellular organisms (Alberti & Cochella, 2017). Emerging as ancient RNA inter-
ference (RNAi) mechanisms for defending against foreign genetic elements 
(Dexheimer & Cochella, 2020; Obbard et al., 2009), miRNAs have evolved to 
integrate into complex gene regulatory networks. Central components of RNAi 
include Argonaute proteins, Dicer, and RNase III endonucleases. 

2.2. Biogenesis of miRNAs:  
Canonical and non-canonical ways 

The biogenesis of miRNA involves a two-step process: The microprocessor com-
plex (Drosha/DGCR8) processes primary transcripts (pri-miRNAs) in the nu-
cleus into precursors (pre-miRNAs), which are then exported to the cytoplasm by 
exportin-5 (S. Lin & Gregory, 2015) and matured into functional miRNAs by 
Dicer (Dexheimer & Cochella, 2020) as shown in Figure 1. Both global and 
miRNA-specific regulatory mechanisms ensure precise biogenesis. Structural 
features like the UGU and mGHG motifs enhance microprocessor efficiency 
(Auyeung et al., 2013; Kwon et al., 2019), while RNA-binding proteins (RBPs) 
regulate maturation by interacting with pri-miRNAs or recruiting terminal uridyl 
transferases (TUTases) for stability modification (Hagan et al., 2009; Nussbacher 
& Yeo, 2018). Post-transcriptional modifications, such as Dicer phosphorylation, 
integrate signaling pathways into miRNA regulation, influencing nuclear translo-
cation and stability (Dexheimer & Cochella, 2020). Tissue-specific Drosha 
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expression further impacts miRNA output, with reduced levels contributing to 
diseases like cancer (S. Lin & Gregory, 2015). The rate-limiting step in miRNA 
biogenesis is argonaute loading to generate a functional miRNA-induced 
silencing complex (miRISC), which is influenced by duplex stability and terminal 
modifications (Dexheimer & Cochella, 2020).  

The canonical miRNA targeting mechanism involves precise complementarity 
between miRNAs and their mRNA targets, typically resulting in target cleavage. 
In contrast, animals predominantly employ a slicing-independent, seed-based 
mechanism relying on partial complementarity, primarily within the miRNA seed 
region (nucleotide 2–7 long), located in the mRNA 3' UTR site, leading to trans-
lational inhibition or mRNA decay. This mode allows for broader regulatory ver-
satility. Variations in miRISC composition, including factors such as GW182, and 
differences in sequence context and the extent or location of complementarity 
influence regulatory outcomes, occasionally even triggering miRNA degradation 
when complementarity extends to the miRNA’s 3' end (adapted from Dexheimer 
& Cochella, 2020). 

The evolutionary expansion of miRNA repertoires in metazoans (multicellular 
organisms) coincides with increased organismal complexity. Conserved families 
like let-7 regulate developmental timing, while redundancy within families under-
scores their collective role in regulatory networks. Dysregulation of miRNA 
pathways, often linked to cancer, highlights their significant therapeutic potential. 

In addition to the canonical miRNA biogenesis pathway, some miRNAs are 
processed independently of Drosha or Dicer as shown in Figure 1. For instance, 
mirtrons, generated through splicing, form pre-miRNA hairpin structures without 
requiring Drosha (Berezikov et al., 2007; Cheng, 2015; Ruby et al., 2007), while 
alternative RNases like RNase Z or the integrator complex (Cheng, 2015) can 
substitute for Drosha in miRNA processing. Additionally, miR-451 utilizes Argo-
naute-2 (AGO2) for cleavage instead of Dicer (Cheng, 2015; J.-S. Yang et al., 
2010), and certain miRNAs originate from the tRNA pathway (Cheng, 2015; 
Maute et al., 2013), demonstrating the diversity and adaptability of miRNA bio-
genesis in mammalian cells. 
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Figure 1: Overview of canonical and non-canonical miRNA biogenesis pathways. This 
schematic illustrates the biogenesis and function of microRNAs (miRNAs) via both 
canonical and non-canonical pathways. (Created using bioRender.com) 

2.3. Mechanisms of miRNA dysregulation in cancer 
Several mechanisms, including chromosomal abnormalities, transcriptional control 
changes, epigenetic alterations, and defects in the miRNA biogenesis machinery, 
influence miRNA dysregulation in human malignancies. The miRNA biogenesis 
pathway plays a critical role in cancer progression, with mutations and dysregu-
lation in its components, including pri-miRNA transcription, often arising from 
genetic alterations such as deletions, amplifications, or translocations at miRNA 
gene loci. These changes lead to abnormal miRNA expressions and downstream 
dysregulation of target mRNAs, driving tumor development and progression  
(S. Lin & Gregory, 2015; Y. Peng & Croce, 2016). For instance, the deletion of 
chromosome 13q14 encoding miR-15a & miR-16-1 region, causing loss of miR-
15a and miR-16-1 in B cell chronic lymphocytic leukemia, impairs apoptosis 
regulation; this is the very earliest evidence of miRNA regulation in cancer (Calin 
et al., 2002; S. Lin & Gregory, 2015; Y. Peng & Croce, 2016). miRNA expression 
is regulated by transcription factors (TFs), with oncogenes like MYC, promoting 
oncogenic miRNAs (e.g., miR-17~92) and repressing tumor-suppressive miRNAs 
(e.g., miR-15a, let-7). Conversely, tumor suppressors like p53 activate miRNAs 
such as miR-34, which induce cell-cycle arrest, apoptosis, and senescence 
(Raver-Shapira et al., 2007). Epigenetic mechanisms, including promoter hyper-
methylation, play a role in silencing tumor-suppressive microRNAs (miRNAs) 
in cancer. Often, the CpG islands located at the promoters of these tumor-
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suppressive miRNAs become hypermethylated, leading to their epigenetic in-
activation (S. Lin & Gregory, 2015).  

The microprocessor complex, comprising DROSHA and DGCR8, is critical 
for pri-miRNA processing. Its dysfunction is common in cancer. DROSHA is over-
expressed in some cancers (e.g., cervical cancer, Triple-negative breast cancer, 
gastric cancer, serous ovarian carcinoma), promoting proliferation, survival, 
prognosis, and advanced tumor stage, while being downregulated in others (e.g., 
bladder cancer, ovarian cancer, endometrial cancer), leading to poor outcomes (S. 
Lin & Gregory, 2015). The nuclear export of pre-miRNAs is mediated by 
Exportin-5 (XPO5), which works with the cofactor RanGTP. Mutations in 
Exportin-5, observed in colon, gastric, and endometrial cancers, block pre-miRNA 
export, resulting in nuclear accumulation and impaired miRNA maturation  
(S. Lin & Gregory, 2015; Melo et al., 2010). These defects underscore the im-
portance of proper pre-miRNA trafficking in maintaining normal cellular 
function and preventing tumorigenesis. 

Dicer processes pre-miRNAs into mature miRNAs and is essential for miRISC 
assembly. Mutations in DICER1, both germline and somatic, disrupt miRNA pro-
duction, contributing to cancer development and inherited tumor syndromes (for 
example, pleuropulmonary blastoma). 

 
2.3.1. Roles of miRNAs in cancer progression,  

metastasis, and diagnosis 

The hallmarks of cancer define the essential biological capabilities that tumor 
cells acquire to sustain growth, survival, and metastasis, as proposed by Hanahan 
and Weinberg (Hanahan & Weinberg, 2000, 2011). These hallmarks include sus-
taining proliferative signaling, evading growth suppressors, resisting pro-
grammed cell death (apoptosis), enabling replicative immortality, activating in-
vasion and metastasis, and inducing angiogenesis. Tumor cells achieve replica-
tive immortality by maintaining telomeres, often through telomerase activation, 
and induce angiogenesis to ensure adequate oxygen and nutrient supply. They 
also activate invasion and metastasis, enabling them to spread to distant tissues. 
Emerging hallmarks identified by Hanahan and Weinberg (Hanahan & Weinberg, 
2011) include reprogramming energy metabolism, favoring aerobic glycolysis 
(the Warburg effect), and evading immune destruction by suppressing immune 
responses. These core traits are supported by enabling characteristics such as ge-
nome instability, which promotes mutations, and tumor-promoting inflammation, 
which creates a microenvironment conducive to tumor progression. Together, 
these hallmarks provide a robust framework for understanding cancer biology 
and developing targeted therapeutic strategies (Hanahan & Weinberg, 2000, 
2011). miRNAs critically regulate these hallmarks (shown in Table 1), specifi-
cally abnormal cell proliferation, apoptosis evasion, metastasis, and angiogene-
sis, as detailed in the table below. Dysregulation of miRNAs play a key role in 
promoting cancer cell growth and avoiding normal growth controls. They also 
help cancer cells resist programmed cell death (apoptosis) and regulate blood 
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vessel formation (angiogenesis), making them promising therapeutic targets. 
Additionally, metastasis-related miRNAs, called “metastamirs,” are valuable for 
understanding, diagnosing, and potentially treating metastatic cancer, a major 
clinical challenge (Hurst et al., 2009). 
 
Table 1: Table of miRNAs in cancer hallmarks. This table is adapted from (Y. Peng & 
Croce, 2016). 

Cancer hallmarks miRNAs involved Target 
genes/pathways 

Cancer types & 
processes affected 

Abnormal cell 
proliferation 

miR-17~92 cluster E2F TFs 
Cell-cycle G1/S 
transition; 
proliferation 

miR-221/222, miR-
663 

Cdk inhibitors: 
p27Kip1, p21CIP1 

cell-cycle 
progression and 
tumor proliferation 
in Glioblastoma, 
nasopharyngeal 
carcinoma 

miR-545 and miR-
486 

Cyclins, Cdks, and 
signaling pathways 
like IGF (Insulin-like 
Growth Factor) and 
PI3K 
(Phosphatidylinositol 
3-kinase) 

Cell proliferation 
and migration in 
lung cancer  

miR-192, miR-194, 
miR-215 

Mdm2 (Murine 
Double Minute 2) 

Stabilization of p53, 
evasion of apoptosis 

Resisting 
apoptosis 

miR-17~92 cluster  p53 pathway Apoptosis inhibition 
under hypoxia 

miR-15a/16-1 Bcl-2 (B-cell 
lymphoma 2) 

Represses apoptosis 
in chronic 
lymphocytic 
leukemia 

miR-221/222 

Puma (p53 
Upregulated 
Modulator of 
Apoptosis) 

Suppression of 
apoptosis 

miR-21, miR-590 

Fas ligand, Apaf-1 
(Apoptotic Protease 
Activating Factor 1), 
PTEN 

Inhibition of 
extrinsic apoptosis 

miR-25 DR4 (Death recptor-
4) Prevents apoptosis 
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Cancer 
hallmarks 

miRNAs involved Target 
genes/pathways 

Cancer types & 
processes affected 

Activation of 
invasion and 
metastasis 

miR-10b TWIST Breast cancer 
metastasis 

miR-200 family 
ZEB1/2 (Zinc Finger 
E-Box Binding 
Homeobox 1/2) 

Epithelial-to-
mesenchymal 
transition (EMT) 
inhibition 

miR-155 RhoA (Ras Homolog 
Family Member A) EMT facilitation 

miR-212 
MnSOD (Manganese 
Superoxide 
Dismutase) 

Metastasis 
suppression in 
colorectal cancer 

Angiogenesis 

miR-424 Cullin 2 HIF1α stabilization, 
VEGF activation 

miR-210 Ephrin-A3 Hypoxia-induced 
angiogenesis 

miR-21 
PTEN, HIF1α, 
VEGF, Akt/ERK 
signaling pathways 

Induces 
angiogenesis 

miR-20b, miR-
519c, miR-135b 

VEGF, HIF 
components, HIF–
FIH (Factor 
Inhibiting HIF) 
signaling pathway 

Endothelial tube 
formation, 
Regulation of 
angiogenesis 

 
 

2.3.2. Signaling pathways involving miRNAs in cancer 

Apart from their roles in target mRNA degradation or translational repression, 
miRNAs can activate downstream signaling pathways by directly binding to Toll-
like receptors (TLRs) as ligands (Duică et al., 2020). Key signaling pathways, 
such as the MAPK/ERK and Notch pathways, are also influenced by miRNAs, 
which affect processes like cell survival, proliferation, and differentiation (Barbu 
et al., 2020; Duică et al., 2020). For example, miR-21 promotes cell growth by 
activating the PI3K/AKT and Ras/MEK/ERK pathways through the targeting of 
tumor suppressors such as PTEN and RASA1 (L. Zhang et al., 2016). Addition-
ally, epigenetic regulation by CTCF (CCCTC-binding factor), a zinc-finger pro-
tein, modulates miRNA expression. This includes the silencing of miR-375 in 
estrogen receptor-negative breast cancers, which underscores its role as a tumor 
suppressor (de Souza Rocha Simonini et al., 2010; Duică et al., 2020). These 
findings emphasize the diverse roles of miRNAs in regulating critical signaling 
pathways involved in cancer development and progression. 
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2.3.3. Gynecological cancers (GCs) 

Gynecological cancers (GCs) originate in the female reproductive organs, includ-
ing the cervix, ovary, uterus/endometrium, vagina, and vulva, located in the pel-
vic region. These cancers are distinct in their symptoms, risk factors, and pro-
gression, with age being a significant risk factor as characterized in Table 2 for 
ovarian, uterine, and cervical cancers. In the United States, nearly 90,000 women 
are diagnosed with GCs annually, and over 28,000 succumb to these malignancies 
(Bourla & Zamarin, 2016; Srivastava et al., 2017). Among them, endometrial 
cancer (EC) is the most prevalent, while ovarian cancer (OC) is the deadliest 
(Collins et al., 2014; Srivastava et al., 2017). Despite advancements, high mor-
tality rates persist due to challenges in early diagnosis and limited treatment op-
tions, underscoring the need for improved strategies. miRNAs play an essential 
role in the initiation, progression, and metastasis of gynecological cancers by 
regulating critical processes such as tumor growth, invasion, and chemoresis-
tance. These small non-coding RNAs act as biomarkers, influencing early detec-
tion and prognosis in cancers like ovarian, endometrial, and cervical cancer due 
to their capacity to modulate gene expression and the tumor microenvironment 
(Miśkiewicz et al., 2023).  
 
Table 2: Table of overview of ovarian cancer, cervical cancer, and uterine cancer. The 
table is adapted from (Ajayi et al., 2025; Budiana et al., 2019; Miśkiewicz et al., 2023). 

Feature Ovarian Cancer Uterine Cancer Cervical Cancer 

Incidence (2025) 20,890 new cases; 
12,730 deaths 

69,120 new cases; 
13,860 deaths 

13,360 new cases; 
4,320 deaths 

Main cause 
Genetic mutations, 
cellular 
transformation 

Estrogen exposure 
+ genetic 
predisposition 

HPV infection (>95%) 

Classification 
FIGO; Type I & II 
(based on origin & 
mutation profile) 

FIGO: endometrial 
cancer; Type I 
(estrogen-related) 
and Type II (non-
estrogen-related) 

FIGO; squamous cell 
carcinoma, 
adenocarcinoma 

Histology 

Type I: mucinous, 
serous, clear cell, 
endometrioid.; 
Type II: serous, 
carcinosarcoma, 
BRCA1/2 
mutations 

Type I: Estrogen-
dependent, 
endometrium-
associated. 
Type II: Estrogen-
independent, non-
endometrial origin 

Squamous (80–85%), 
Adenocarcinoma 
(15%), others 

Symptoms 
Bloating, 
abdominal pain, 
urinary issues 

Abnormal bleeding 

Vaginal bleeding, 
discharge, advanced 
symptoms (back pain, 
leg swelling) 



24 

Feature Ovarian Cancer Uterine Cancer Cervical Cancer 

Survival (5-year) ~50% overall 
84% overall 
(Localized: 96%, 
Distant: 20%) 

67% overall (Early: 
91%, Regional: 60%, 
Distant: 19%) 

Genetic factors 
BRCA1, BRCA2, 
TP53, BRAF, 
KRAS 

PTEN, PIK3CA, 
CTNNB1, HER2 

KRAS, PTEN, 
ARID1A 

Pathways 
affected 

PI3K/AKT/mTOR, 
MAPK, Wnt/β-
catenin 

WNT-β-catenin, 
PI3K-PTEN-AKT-
mTOR, SOX4 

TGF-β, PI3K/MAPK 

miRNA role 

Regulate 
proliferation, 
invasion, and 
apoptosis 

Affect molecular 
progression 

Influence gene 
expression & 
inflammatory response 
(HPV-linked) 

 
 

2.3.4. Crosstalk between breast cancer and  
GCs mediated by miRNA 

Breast cancer, the most common malignancy in women, is strongly linked to mu-
tations in the BRCA1 and BRCA2 tumor suppressor genes, which are essential 
for DNA repair and apoptosis. Mutations increase breast cancer risk significantly 
(up to 72% for BRCA1 and 69% for BRCA2), with BRCA2 also associated with 
prostate and pancreatic cancers (Duică et al., 2020; Kuchenbaecker et al., 2017; 
Rebbeck et al., 2015; Yoshida & Miki, 2004). miRNAs such as miR-146a and 
miR-146-5p negatively regulate BRCA1 expression, contributing to sporadic 
basal-like and triple-negative breast cancers (Garcia et al., 2011). While BRCA1 
is known for DNA repair, it also suppresses tumor growth by epigenetically re-
pressing miR-155, an oncogenic miRNA (Chang & Sharan, 2012). In breast 
cancer, miRNAs regulate key signaling pathways involved in proliferation and 
cell death. The mTOR pathway, crucial for tumor growth, is downregulated by 
miR-100 and miR-125b, promoting cell death. MiR-142-3p targets Bach1, linked 
to poor metastasis-free survival, indicating therapeutic potential. MiR-433 acts as 
a tumor suppressor by targeting RAP1A and modulating the MAPK pathway, in-
hibiting tumor growth and migration (Duică et al., 2020; Mansoori et al., 2019; 
Y. Wang et al., 2020; B. Zhang et al., 2016; T. Zhang et al., 2018). MiR-99a, 
which targets FGFR3, is often downregulated in breast cancer; its upregulation 
can inhibit tumor cell proliferation and invasion (Long et al., 2020), suggesting 
its potential as a diagnostic and prognostic biomarker. 

Breast cancer and GCs are among the most common malignancies affecting 
women worldwide. Research indicates a strong connection between these cancers 
due to shared genetic mutations, hormonal influences, environmental factors, and 
metabolic changes. Understanding this relationship is crucial for early detection, 
prevention, and effective treatment strategies. 

Genetic mutations, particularly in the BRCA1, BRCA2, and TP53 genes, sig-
nificantly increase the risk of developing these cancers (Jia et al., 2021). Hormo-
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nal imbalances, especially those involving estrogen and progesterone, also con-
tribute to tumor development (Qiao et al., 2021). Additionally, metabolic 
changes, such as variations in amino acid profiles, are frequently observed in in-
dividuals affected by these conditions (Pietkiewicz et al., 2021). 

Infertility has been linked to a higher risk of developing both breast and gy-
necological cancers. Immune dysregulation, characterized by changes in immune 
cell function, may further contribute to cancer progression (Naghizadeh et al., 
2023). Beyond these physiological factors, patients often face psychological im-
pacts, including depression, anxiety, and disturbances in body image (Farahani et 
al., 2019). 

Distinct miRNAs contribute to tumor progression differently across these can-
cers. MiR-21 acts as an oncogene in both cervical and endometrial cancers, pro-
moting tumor growth through PTEN inhibition, which leads to increased PI3K/ 
AKT/mTOR signaling (Duică et al., 2020; Y.-H. Feng & Tsao, 2016; L. Song et 
al., 2016). Conversely, miR-21 also appears upregulated in ovarian cancer, 
highlighting its potential as a diagnostic biomarker (Srivastava et al., 2017). MiR-
433 acts consistently as a tumor suppressor in cervical cancer by targeting the 
MTDH oncogene and influencing β-catenin and AKT pathways, ultimately 
reducing proliferation and invasion (Duică et al., 2020; Liang et al., 2017). 

Additionally, miRNAs modulate the tumor-microenvironment differently 
among these cancers. In ovarian cancer, miR-148a, miR-214, and miR-199a regu-
late cancer-associated fibroblasts (CAFs) and hypoxia pathways, influencing 
tumor progression (Joshi et al., 2014; Kinose et al., 2015; Mitra et al., 2012; Sri-
vastava et al., 2017). Endometrial cancer involves miR-29a-3p as a significant 
tumor suppressor, reducing cancer cell growth, migration, and invasion by target-
ing vascular endothelial growth factor A (VEGFA) and the CDC42/PAK1 path-
way (Geng et al., 2021; Miśkiewicz et al., 2023). The let-7 family of miRNAs, 
known for their tumor-suppressive effects through targeting oncogenic proteins 
such as Ras and HMGA2, demonstrates clinical significance in ovarian cancer by 
enhancing chemotherapy sensitivity, particularly cisplatin responsiveness 
(Chirshev et al., 2019; Meng et al., 2017). 

 
2.3.5. Role of miRNA in GCs 

Essential regulatory roles in ovarian, cervical, and endometrial cancers are played 
by miRNAs, which exhibit both similarities and differences across these malig-
nancies. In OC, miRNAs like the miR-200 family (including miR-141, miR-
200a/b/c, miR-429) play crucial roles in suppressing EMT, reducing metastasis 
and angiogenesis by targeting ZEB1/ZEB2, IL-8, and CXCL-1 (Bendoraite et al., 
2010; Braga et al., 2017; Duică et al., 2020; Korpal & Kang, 2008; Pecot et al., 
2013). Similarly, in endometrial cancer, miR-200 family members, notably miR-
200b and miR-205, inhibit EMT via ZEB1/ZEB2 regulation, though miR-200b 
can paradoxically promote metastasis through matrix metalloproteinase (MMP) 
activation (Duică et al., 2020; Gregory et al., 2008). 
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Common miRNA-mediated regulatory mechanisms, particularly involving 
miR-21 and the miR-200 family, exist across ovarian, cervical, and endometrial 
cancers; however, distinctive miRNA signatures highlight the complexity and 
specificity within these malignancies. miRNAs also exhibit clinical utility as bio-
markers for early diagnosis, predictors of treatment response, and potential thera-
peutic targets using miRNA mimics and anti-miRs (Srivastava et al., 2017). 

 
2.3.6. Role of miRNAs in stages of cancer progression 

In OC, specific miRNA signatures have been identified to differentiate early-
stage from advanced-stage disease, with certain miRNAs, such as miR-152, miR-
204, and miR-375, being significantly upregulated in late stages and associated 
with poorer survival outcomes (Berkel & Cacan, 2021). A lower level of miR-
204-5p expression with advanced FIGO Stages was found to be consistently 
associated with lymph node metastasis and potentially a lower chance for survival 
of endometrial cancer patients (Bao et al., 2013; S. Li et al., 2015). In endometrial 
cancer, distinct miRNA profiles, such as the overexpression of miR-199c in ad-
vanced stages, have been identified as predictors of survival, emphasizing their 
potential for staging and prognosis (Cohn et al., 2010). In breast cancer, c-
miRNAs such as miR-195-5p and miR-495 are downregulated in early-stage 
tumors. When used in combination, these miRNAs have shown high specificity 
and sensitivity as diagnostic biomarkers for early detection (Mishra et al., 2015).  

Beyond GCs, miRNAs like miR-21, which promote invasion and metastasis, 
and miR-34a, a tumor suppressor frequently downregulated in late stages, demon-
strate their versatility as biomarkers in various cancers (Miśkiewicz et al., 2023). 
Similarly, in nasopharyngeal cancer, serum levels of miR-205 have been effec-
tively used to differentiate cancer stages, highlighting the utility of miRNAs in 
non-invasive diagnostics (Ho et al., 2014). In lung cancer, miR-21 is frequently 
upregulated, promoting tumor growth and invasion by targeting tumor suppressor 
PTEN, particularly in advanced non-small cell lung cancer (NSCLC) stages (J. 
Zhang et al., 2010). In renal cell carcinoma, miR-192, miR-194, and miR-215 are 
significantly downregulated in metastatic stages, with their restoration reducing 
tumor invasiveness (Khella et al., 2013). Similarly, in pan-cancer analysis, the 
reduced correlation between miRNAs and their target genes has been linked to 
tumor progression, cellular adhesion, proliferation, and migration (X. Li et al., 
2018). 

In head and neck cancers, miR-21 and miR-155 are often upregulated, corre-
lating with tumor progression and metastasis, making them potential biomarkers 
for advanced stages (Irani, 2016). Stomach cancer shows unique miRNA profiles, 
with miR-21 promoting invasion and metastasis, making it a reliable biomarker 
for disease staging (B. Song & Ju, 2010). In bladder cancer, miR-129 and miR-
145 are significantly deregulated in tumor tissues, with miR-129 linked to poor 
outcomes and advanced stages due to its role in cell death processes (Dyrskjøt et 
al., 2009). 
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These findings underscore the significant potential of miRNAs as biomarkers 
for staging, diagnosis, and therapeutic monitoring in a wide array of cancers. 
Their ability to regulate critical processes like EMT, metastasis, and chemo-
resistance opens new avenues for early detection, personalized treatment, and 
improved clinical outcomes. 

 
2.3.7. Mechanism of long non-coding RNAs (lncRNAs) 

Noncoding RNAs, including lncRNAs and excluding miRNAs, play critical roles 
in cancer by regulating gene expression, chromatin dynamics, and various cellu-
lar processes. RNA transcripts longer than 200 nucleotides, known as lncRNAs, 
operate through a variety of mechanisms. These mechanisms include interactions 
with chromatin modification complexes, DNA and chromatin, RNA-binding pro-
teins (RBPs), TFs, nascent RNA transcripts, mature mRNA, and miRNAs. They 
can act as scaffolds, decoys, or guides to modulate gene expression. For example, 
some lncRNAs interact with TFs or histone-modifying enzymes, influencing 
chromatin topology and transcriptional outcomes (Balas & Johnson, 2018; Mor-
lando & Fatica, 2018). Compared to protein-coding RNAs (mRNAs), lncRNAs 
exhibit a higher degree of cell-type-specific expression and show distinct expres-
sion patterns across different cancer types (Morlando & Fatica, 2018). 

Decoy lncRNAs function as molecular sinks, sequestering specific regula- 
tory factors to modulate gene expression by preventing their interaction with  
native targets. These lncRNAs negatively regulate RNA-binding proteins, TFs, 
microRNAs, and components of enzymatic complexes (Balas & Johnson, 2018; 
Kung et al., 2013; K. C. Wang & Chang, 2011). Example lncRNAs like MEG3 
and TUG1 can sequester microRNAs, altering protein translation and degradation 
(Balas & Johnson, 2018). The competitive endogenous RNA (ceRNA) hypothesis 
suggests that lncRNAs can regulate gene expression by impairing microRNA 
activity through sequestration, thereby de-repressing their targets. Although 
debated due to the typically low expression levels of lncRNAs, this regulation 
could be amplified via downstream effects, such as the upregulation of TFs 
targeting multiple effectors, making the ceRNA hypothesis a widely considered 
mechanism for gene regulation (Balas & Johnson, 2018; Salmena et al., 2011; 
Thomson & Dinger, 2016). 

 
2.3.8. Role of lncRNAs in cancer 

In cancer, over 80% of cancer-associated SNPs are found in noncoding genomic 
regions, with many cancer loci transcribing into lncRNAs that play critical roles 
in tumorigenesis (Balas & Johnson, 2018; Bhan et al., 2017; Schmitt & Chang, 
2016). Each hallmark of cancer, as outlined by Hanahan and Weinberg in 2000, 
is influenced by the activity of various lncRNAs (Schmitt & Chang, 2016). 
Aberrant expression of lncRNAs has been documented across various cancers, 
influencing cell cycle regulation, survival, mobility, immune response, and pluri-
potency, contributing to tumor growth, metastasis, and poor patient survival 
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(Bartonicek et al., 2016; Bhan et al., 2017; K. C. Wang & Chang, 2011). Cancer 
states are regulated through diverse mechanisms in which lncRNAs function 
either as oncogenes (e.g., HOTAIR, MALAT1, HULC, ANRIL) or as tumor sup-
pressors (e.g., MEG3, GAS5, PTENP1) (Bartonicek et al., 2016; Bhan et al., 
2017; R. Zhang et al., 2016). They also sequester miRNAs, upregulating miRNA 
target genes and affecting processes like proliferation, apoptosis, and invasion 
(Balas & Johnson, 2018). Another critical mechanism involves the role of 
lncRNAs in epigenetic regulation, where they guide methylation or histone-
modifying enzymes to specific loci, leading to aberrant gene silencing or acti-
vation in cancers (Y. Huang et al., 2020). Understanding lncRNA functions and 
mechanisms is vital for advancing cancer diagnosis and targeted therapies. 

Additionally, long intergenic noncoding RNAs (lincRNAs) regulate cancer 
progression and metastasis through chromatin remodeling and epigenetic mecha-
nisms, while dysregulated PIWI-interacting RNAs (piRNAs) contribute to 
tumorigenesis and metastasis by influencing genome stability and gene silencing 
(Krishnan & Damaraju, 2018; Tsai et al., 2011). 

 
2.3.9. Interactions of miRNAs with target genes and  

lncRNAs in cancer 

Gene expression is regulated by miRNAs through both upstream and downstream 
interactions. Downstream targets include mRNAs, RBPs, other miRNAs, and 
DNA, while upstream interactions involve ceRNAs and circular RNAs (circRNAs). 
They mainly bind to the 3′ UTRs of mRNAs, and this binding sequence is referred 
to as miRNA responsive elements (MREs). This interaction results in transla-
tional inhibition or degradation of the mRNA. Additionally, binding can occur at 
the 5′ UTRs, coding sequences, and promoter regions, all of which can also affect 
gene expression. Alterations in the 3′ UTR affect miRNA binding, influencing 
AGO-dependent mRNA regulation (Correia de Sousa et al., 2019; O’Brien et al., 
2018; Z. Wang et al., 2024). 

The ceRNA hypothesis suggests that RNA molecules, including lncRNAs and 
circRNAs, act as miRNA sponges, sequestering miRNAs and preventing their 
binding to target mRNAs, adding complexity to miRNA regulatory networks. 
miRNAs interact with ncRNAs (lncRNAs, circRNAs, pseudogenes) to regulate 
biological processes. ceRNAs bind to MREs, counteracting miRNA-mediated 
mRNA inhibition and forming feedback loops that modulate gene expression. 
Additionally, ceRNAs recruit TFs to regulate miRNA expression (Alsayed et al., 
2023; Z. Wang et al., 2024). miRNAs are secreted into extracellular fluids via 
exosomes or bound to proteins like AGO and HDL, facilitating stable intercellular 
communication and targeting mRNA repression (Z. Wang et al., 2024). 

 
2.3.10. Circulating miRNAs or extracellular miRNAs 

Extracellular miRNAs are released into biological fluids and serve as potential 
biomarkers for various diseases. These miRNAs function as autocrine, paracrine, 
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or endocrine regulators, exhibiting hormone-like activities (O’Brien et al., 2018). 
Extracellular miRNAs have been detected in plasma, serum, cerebrospinal fluid, 
saliva, breast milk, urine, tears, colostrum, peritoneal fluid, bronchial lavage, 
seminal fluid, and ovarian follicular fluid. Unlike cellular RNA, extracellular 
miRNAs are highly stable and resistant to degradation under extreme conditions 
(X. Chen et al., 2008; Mitchell et al., 2008; O’Brien et al., 2018). They exist in 
two forms: vesicle-associated (exosomes, microvesicles, apoptotic bodies) (Gallo 
et al., 2012; Iftikhar & Carney, 2016) or protein-bound, primarily with AGO2 
(Turchinovich et al., 2011). Extracellular miRNA release is a regulated process 
rather than a byproduct of cell damage (Turchinovich et al., 2011). Signaling 
molecules like IL-4 and DHA regulate miRNA secretion, affecting cancer pro-
gression and angiogenesis (O’Brien et al., 2018). Extracellular miRNAs regulate 
recipient cell functions, acting as intercellular messengers. miR-105 from meta-
static breast cancer cells disrupts endothelial barriers, promoting metastasis 
(Zhou et al., 2014). miR-342-3p and miR-1246 from metastatic oral cancer cells 
induce metastasis in less aggressive cancer cells (Sakha et al., 2016).  

2.4. Web-based platforms for miRNA analysis in cancer 
A range of web-based platforms has been developed to facilitate the analysis  
of miRNA expression and function in cancer (summarised in Table 3). miRNA-
CancerMAP provides access to datasets focusing on differential miRNA expres-
sions between tumor and normal tissues (Tong et al., 2018). miR-TV is designed 
for miRNA target prediction, offering insights into potential gene regulation 
mechanisms (C. Y. Pan & Lin, 2020). miRTissue enables the exploration of 
miRNA-target interactions specifically within human tissues, incorporating pro-
tein–protein interaction (PPI) networks to contextualize these relationships (Fian-
naca et al., 2018). OMCD aggregates miRNA expression data across various 
cancer types, serving as a centralized expression repository (Sarver et al., 2018). 
OncoMir incorporates clinical variables such as tumor stage and grade, enabling 
users to explore miRNA–target gene associations and survival-related signatures 
(Wong et al., 2018). UALCAN allows users to analyze miRNA expression across 
tumor and normal tissues and provides associated functional annotations, survival 
data, and target gene information (Chandrashekar et al., 2022). OncoLnc facilitates 
integrative analysis of miRNA, mRNA, and lncRNA expression data alongside 
survival outcomes, enhancing transcriptomic-level interpretation (Anaya, 2016). 

Additionally, the Tools4miRs platform, developed by  (Lukasik et al., 2016), 
compiles over 160 computational tools covering major aspects of miRNA re-
search, including miRNA identification, target prediction, functional enrichment, 
and expression analysis. It provides a structured interface that allows users to 
filter tools based on specific criteria such as input data type, species, and output 
format. By organizing a broad spectrum of resources and offering customizable 
search options, Tools4miRs supports efficient selection and application of 
miRNA analysis tools in bioinformatics workflows. 
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2.5. Pan-cancer classification using miRNAs 
Pan-cancer classification using miRNA transcriptomic data and ML has become 
a critical area of research, enabling accurate tumor TOO identification and im-
proving diagnostic precision. miRNAs serve as highly tissue-specific tumor 
suppressors and oncogenes, making them ideal biomarkers for cancer classifica-
tion. ML-based classifiers using miRNA expression data have demonstrated high 
accuracy in identifying the primary tissue of origin for various cancers. For in-
stance, Khoulenjani et al. (2021) (Bagheri Khoulenjani et al., 2021) proposed an 
evolutionary deep learning approach for miRNA-based cancer classification, 
using representation learning and feature selection techniques to enhance classi-
fication performance across 29 cancer types (Bagheri Khoulenjani et al., 2021). 
Similarly, Matsuzaki et al. demonstrated the feasibility of serum miRNomes for 
early-stage cancer detection, achieving an accuracy of 90% in resectable cancers 
(Matsuzaki et al., 2023). 

Deep learning approaches have significantly improved classification accuracy 
by integrating gene networks and miRNA expression patterns. MiRS-HF, a novel 
deep learning predictor, employs graph convolutional networks (GCNs) to refine 
miRNA-disease associations, leading to superior classification performance com-
pared to traditional models (Ni et al., 2025). Furthermore, miRNA expression-
based tumor classifiers, such as the model developed by Yan, have achieved over 
95% accuracy for specific cancer types, demonstrating that a minimal panel of 10 
miRNAs can be as effective as whole miRNA sequencing for clinical diagnostics 
(Y. Yan, 2022). 

In addition, integrative network fusion methods have been applied to combine 
miRNA expression with other omics data, enhancing molecular profiling and bio-
marker identification. Chierici et al. (2020) implemented a multi-omics ML 
framework incorporating miRNA data, achieving improved classification perfor-
mance across multiple cancer types (Chierici et al., 2020). Moreover, the 
combination of miRNA expression with DNA methylation profiles has been 
shown to increase tumor origin classification accuracy, with LASSO-based 
models achieving 91.03% accuracy for miRNA alone and over 97% with DNA 
methylation features (Y. Feng & Wang, 2024). 

These advancements underscore the potential of miRNA-based ML models in 
pan-cancer classification, paving the way for more accurate, non-invasive, and 
cost-effective cancer diagnostics. The integration of deep learning, gene net-
works, and multi-omics approaches continues to enhance the predictive power of 
these models, improving clinical decision-making and personalized cancer treat-
ment strategies. 
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2.6. Endometriosis 
Endometriosis is a complex, multisystemic disorder characterized by endome-
trium-like tissue growing outside the uterus. It is an estrogen-dependent, chronic 
inflammatory condition. The stromal fibroblasts, epithelial cells, immune cells, 
nerves, and vascular/perivascular cells are present outside the uterine cavity. It is 
a non-malignant but potentially metastatic disease (Lu et al., 2023). It is primarily 
diagnosed via laparoscopy, with treatment involving surgery and hormonal thera-
py, both of which have varying effectiveness and side effects. The economic 
burden of endometriosis worldwide ranges from €3500 to €18000 per patient, 
comparable to other chronic diseases like type 2 diabetes and Crohn’s disease. 
Beyond medical expenses, managing symptoms such as chronic pain, infertility, 
and fatigue significantly impacts overall well-being and productivity (Kobayashi 
et al., 2021; Saunders & Horne, 2021; Yuspa, 2024; Zondervan et al., 2020). 
Endometriosis affects approximately 10% of reproductive-age women and girls 
(mentioned in Table 4 below), equating to around 190 million cases globally 
(Shafrir et al., 2018; Zondervan et al., 2020) (World Health Organization: WHO 
& World Health Organization: WHO, 2023). However, true prevalence remains 
uncertain due to the need for surgical diagnosis, with estimates varying across 
populations and diagnostic methods (Agarwal et al., 2019; Zondervan et al., 
2020). The extent of undiagnosed cases is unknown, and future non-invasive 
diagnostics may provide a more accurate epidemiological understanding. 
 
Table 4: Prevalence of endometriosis 

Women/girls  % of prevalence 
Asymptomatic 2-11 
Infertile 5-50 
With pelvic pain (hospitalized) 5-21 

Symptomatic adolescents with chronic pelvic pain 49 

Adolescent with pain (no response to medical 
treatment) 75 

 
 
In terms of clinical presentation and disease progression, endometriosis exhibits 
substantial heterogeneity. Endometriosis manifests as superficial peritoneal le-
sions, ovarian endometriomas, deep infiltrating lesions (>5mm), and extrapelvic 
involvement (Zondervan et al., 2018, 2020). Disease severity, classified by the 
revised American Society of Reproductive Medicine (rASRM) system, does not 
reliably predict symptoms or outcomes (Zondervan et al., 2020). Lesions may 
progress, regress, or remain static without a clear pattern (Hans Evers, 2013). 
Symptom severity varies independently from lesion extent; minimal lesions can 
cause severe pain or infertility, while extensive disease may be asymptomatic 
(Zondervan et al., 2020). Chronic pelvic pain, influenced by central nervous sys-
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tem sensitization, affects about 30% of patients and can persist post-surgery 
(Berkley et al., 2005; Zondervan et al., 2020). Infertility occurs in roughly one-
third of women with endometriosis, twice the rate in unaffected women (Prescott 
et al., 2016). Risk factors include exposure to diethylstilbestrol, low birth weight, 
early menarche, short menstrual cycles, low body mass index, low waist-to-hip 
ratio, and low parity, although causal links are unclear (Shafrir et al., 2018). Endo-
metriosis slightly increases ovarian cancer risk, particularly clear-cell and 
endometrioid subtypes (1.8% vs. 1.3% lifetime risk), and may be associated with 
melanoma, non-Hodgkin’s lymphoma, thyroid cancer, and endometrial cancer, 
though evidence varies (Kvaskoff et al., 2015; C. Wang et al., 2016). Gynecologic 
conditions such as adenomyosis and uterine fibroids commonly co-occur, poten-
tially influenced by diagnostic bias (Agarwal et al., 2019; Shafrir et al., 2018; 
Zondervan et al., 2018). 
 

2.6.1. Pathogenesis and pathophysiology of endometriosis 

Endometriosis develops through complex endocrine, immune, inflammatory, and 
angiogenic interactions, though their causative or secondary roles remain un-
certain. Proposed mechanisms include retrograde menstruation, coelomic meta-
plasia, and lymphatic or vascular metastasis (Jerman & Hey-Cunningham, 2015; 
Sampson, 1927; Suginami, 1991; Zondervan et al., 2020). Factors like stem cells, 
altered integrins, and inflammatory responses contribute to lesion development. 
Lesion growth is driven by local estradiol production, estrogen receptor β activa-
tion, and subsequent progesterone resistance (Bulun et al., 2012; Vercellini et al., 
2014). Immune dysfunction, characterized by elevated inflammatory cytokines 
and impaired natural killer cell activity, supports lesion persistence (Symons et 
al., 2018; Zondervan et al., 2020). Chronic pain arises from neuroinflammation, 
central sensitization, and central nervous system alterations, leading to ongoing 
symptoms even after lesion removal (Zondervan et al., 2020). Understanding 
these pathways is crucial for targeted treatment and chronic pain management. 
 

 2.6.1.1. Role of peritoneum in the pathogenesis of endometriosis 

The pelvic peritoneum, composed of mesothelial cells, basement membrane, and 
connective tissue, maintains homeostasis and regulates immune responses (Nagy 
& Jackman, 1998; Young et al., 2013). In endometriosis, altered mesothelial cells 
lose tight junction integrity and differential express adhesion molecules (integ-
rins, cadherins, VCAM-1, ICAM-1), enabling ectopic endometrial cell attach-
ment and invasion (G. T. C. Chen et al., 2002; G. A. Dunselman et al., 2001; 
Ishimaru et al., 2004). Mesothelial cells also undergo EMT, promoting lesion pro-
gression and fibrosis (S. Matsuzaki & Darcha, 2012). The peritoneal immune 
environment, marked by diminished NK-cell activity and increased macrophage-
derived cytokines like IL-6, TNFα, and IL-1β, significantly contributes to lesion 
inflammation, proliferation, and angiogenesis, and plays a vital role in the patho-
genesis of endometriosis through its influence on both innate and adaptive 
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immunity  (S. Chen et al., 2023; Oosterlynck et al., 1992; Young et al., 2013). 
Endometriosis lesions contain macrophages, NK cells, fibroblasts, endothelial, 
and smooth muscle cells, indicating the disease's complexity (Young et al., 2013). 
 

 2.6.1.2. Menstrual cycle dysregulation and endometriosis 

The menstrual cycle is a complex, hormonally regulated physiological process 
occurring monthly in women of reproductive age, typically lasting about 28 days, 
although considerable variability exists (Bull et al., 2019; Kuan et al., 2021). It is 
characterized by three main phases: follicular, ovulatory, and luteal. The follicular 
phase (days 1–14) begins with menstruation, marked by shedding of the func-
tional endometrial layer, followed by rising estrogen levels and the development 
of ovarian follicles. The ovulatory phase (~day 14) involves the release of a ma-
ture oocyte in response to a peak in luteinizing hormone (LH). Finally, the luteal 
phase (days 15–28) is governed by progesterone secretion from the corpus lu-
teum, preparing the endometrium for potential embryo implantation; in the 
absence of pregnancy, declining progesterone initiates menstruation (Critchley et 
al., 2020). The dysregulation of the menstrual cycle could lead to endometriosis 
(Kuan et al., 2021) as mentioned in the table below (Table 5). 
 
Table 5: Comparison of normal menstruation with dysregulated menstruation: Adapted 
from (Kuan et al., 2021). 

Feature Normal menstruation Dysregulated menstruation (Endo-
metriosis) 

Inflammation Controlled, aiding tissue 
repair 

Exaggerated inflammatory 
response; elevated IL-1, IL-8, TNF-
α, MCP-1  

Immune regulation 

Efficient clearance of 
menstrual debris by 
macrophages and immune 
cells 

Inefficient debris clearance; 
decreased macrophage 
phagocytosis, impaired antigen-
presenting cell function  

Matrix 
Metalloproteinases 
(MMP) 

Regulated expression 
promotes normal 
extracellular matrix 
remodeling and 
endometrial repair 

Increased expression (MMP-2, 
MMP-3, MMP-9) enhancing 
invasion and implantation potential 

Hypoxia and 
angiogenesis 

Transient hypoxia aids 
normal tissue repair 

Excessive hypoxia driving EMT, 
elevated VEGF promotes angio-
genesis, and ectopic lesion growth  

Apoptosis 
Regular apoptosis 
eliminates sheded 
endometrial cells 

Reduced apoptosis due to altered 
Bax/Bcl-2 expression, prolonged 
cell survival, enhancing 
implantation risk  
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2.6.1.3. Metabolic activity in endometriosis 

Endometriosis is associated with metabolic alterations that may contribute to its 
pathogenesis and progression (Lu et al., 2023). 

Glucose metabolism is critically involved in endometriosis pathogenesis 
through enhanced aerobic glycolysis, hypoxia adaptation, lactate accumulation, 
and altered mitochondrial function, highlighting key enzymes (PDK1, LDHA, 
PKM2), glucose transporters (GLUT1, GLUT4), and metabolic regulators (PHB, 
PFKFB3, PFKFB4) as potential therapeutic targets (Kobayashi et al., 2021; Lu et 
al., 2023). 

A hypoxic microenvironment plays a pivotal role in the pathogenesis and pro-
gression of endometriosis by inducing genetic and epigenetic changes that en-
hance cellular survival, invasiveness, and adhesion (Kobayashi et al., 2021; X. 
Lin et al., 2018). Hypoxia promotes the stabilization of hypoxia-inducible factor-
1α (HIF-1α) and activates key signaling pathways, including VEGF and TGF-
β1/Smad, which contribute to inflammation, immune dysregulation, EMT, fibro-
sis, and increased cellular adhesion and invasiveness (Kobayashi et al., 2021). 

Endometriotic cells undergo metabolic reprogramming to adapt to hypoxic and 
oxidative stress conditions, shifting from oxidative phosphorylation (OXPHOS) to 
aerobic glycolysis, a phenomenon like the Warburg effect observed in cancer cells 
(Kasvandik et al., 2016; Kobayashi et al., 2021; Liberti & Locasale, 2016). This 
metabolic shift is regulated by the TGF-β1–HIF-1α–PDK–PDH–LDHA axis, 
leading to increased glucose uptake, enhanced glycolysis, and elevated lactate 
production while suppressing mitochondrial energy metabolism to minimize re-
active oxygen species (ROS) overproduction and apoptosis (Kobayashi et al., 
2021). Additionally, the metabolic shift supports cellular survival by reducing 
oxidative stress and enhancing antioxidant capacity. Rather than indicating mito-
chondrial dysfunction, this metabolic adaptation allows endometriotic cells to 
thrive in a hostile microenvironment by prioritizing survival over efficient energy 
production (Kobayashi et al., 2021).  

 
2.6.2. Genetic features of endometriosis and  

genetic connections with cancer 

Endometriosis has an estimated heritability of 50% based on twin studies (Saha 
et al., 2015; Zondervan et al., 2020). Genome-wide linkage studies identified two 
regions, chromosome 10q26 and chromosome 20p13 likely containing rare risk 
variants, but these do not explain most familial risk (Treloar et al., 2005). Com-
mon genetic variations contribute about 26% of disease risk, with genome-wide 
association studies (GWAS) identifying 27 significant loci, 13 novel loci linked 
to chronic pain conditions (S. H. Lee et al., 2013; Nilufer et al., 2018; Sapkota et 
al., 2017). Many of these loci are associated with pathways involved in cell 
adhesion, proliferation, inflammation, and hormone signaling, including MAPK, 
STAT3, and WNT pathways (Sapkota et al., 2017; Zondervan et al., 2018). How-
ever, gene variants found near certain loci do not always affect gene expression, 
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making functional validation crucial (Zondervan et al., 2018). Future research 
integrating genomic, epigenomic, and clinical data will help define molecular 
subtypes for precision medicine. 

Links between endometriosis and ovarian cancer have driven interest in somatic 
mutations in cancer-related genes such as PIK3CA and ARID1A (Zondervan et 
al., 2020). Studies found cancer-driver mutations in endometriotic lesions, mainly 
in glandular epithelial cells, suggesting clonal expansion (Anglesio et al., 2017; 
Suda et al., 2018). However, similar mutations were also detected in normal endo-
metrial tissue, questioning their role in cancer risk (Lac et al., 2019). 

 
2.6.3. Endometriosis treatment and  
emerging nonhormonal therapies 

Endometriosis treatment is highly individualized, considering symptom severity, 
disease extent, prior interventions, reproductive goals, cost, and patient prefe-
rence. Multidisciplinary approaches are often required due to the complex nature 
of the disease (Zondervan et al., 2020). First-line treatments primarily involve 
hormonal therapies, such as oral contraceptives, progestins, and GnRH ana-
logues, which reduce pain by suppressing estrogen production. GnRH antagonists 
like Elagolix offer dose-dependent efficacy but can adversely affect bone density 
(Kobayashi et al., 2021; Zondervan et al., 2020). Analgesics including NSAIDs 
(e.g., ibuprofen, naproxen), acetaminophen, and, in selected cases, short-term 
opioids are used for symptom relief (Carey et al., 2017). Physical therapy and 
behavioral approaches are adjunct options for managing chronic pelvic pain and 
central sensitization. Surgical intervention, including laparoscopy, is considered 
for hormone-resistant cases, though recurrence remains common (~50% within 
five years) and procedures such as endometrioma excision may reduce ovarian 
reserve (Becker et al., 2017; G. A. J. Dunselman et al., 2014; Nnoaham et al., 
2012)  (World Health Organization: WHO & World Health Organization: WHO, 
2023). Additionally, research initiatives like the Endometriosis Phenome and 
Biobanking Harmonisation (EPHect) Project are enhancing diagnostic precision 
and facilitating personalized treatment development (https://ephect.org/) (Miller 
& Johnson, 2017). 

Emerging nonhormonal therapies aim to target the unique metabolic repro-
gramming of endometriotic cells, especially the Warburg effect. Strategies in-
clude inhibiting glucose uptake (e.g., genistein, ritonavir), suppressing glycolysis 
(e.g., atorvastatin, resveratrol), and promoting a shift toward OXPHOS using 
agents like dichloroacetate (DCA), a pyruvate dehydrogenase kinase inhibitor 
(Bahrami et al., 2021; Horne et al., 2019; Kobayashi et al., 2021; McKinnon et 
al., 2014; H. Wang et al., 2019). Glycolytic enzyme inhibitors (e.g., targeting HK, 
PFK, PKM2) and LDHA inhibitors that enhance reactive oxygen species and 
induce apoptosis are under investigation (Kobayashi et al., 2021; J. Zheng et al., 
2021). Novel approaches such as manipulating the gut microbiome are also being 
explored as potential nonhormonal therapies (Laschke & Menger, 2016). 

 

https://ephect.org/
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2.6.4. Single-cell transcriptomics in endometrial function and 
endometriosis 

Advancements in scRNA-seq have significantly enhanced our understanding of 
human endometrial biology and the pathophysiology of endometriosis. A series 
of high-resolution atlases have collectively delineated endometrial cell types, 
temporal gene expression dynamics, immune remodeling, epithelial differentia-
tion, and stromal transformation across health and disease contexts (Figure 2). 

Studies mapping the endometrium across the menstrual cycle have uncovered 
remarkable cellular diversity and phase-specific transcriptional dynamics. One 
such study constructed a comprehensive atlas of 98,568 endometrial cells, identi-
fying immune, stromal, endothelial, and epithelial lineages. Key signaling path-
ways, including WNT and NOTCH, regulate epithelial lineage differentiation, 
while organoid benchmarking confirmed in vitro fidelity to in vivo states (Garcia-
Alonso et al., 2021). Another foundational study profiled seven endometrial cell 
types across four transcriptional phases, capturing abrupt activation of window 
of implantation (WOI) genes in the unciliated epithelium and progressive deci-
dualization in stromal fibroblasts. Subtype-specific signatures also distinguished 
glandular from luminal epithelium (W. Wang et al., 2020). 

The endometrium undergoes cyclical immune remodeling, tightly coupled 
with decidualization. In-depth profiling revealed dynamic activation of uterine 
lymphocytes, including NK and T cells, in synchrony with stromal fibroblasts 
during the WOI, suggesting functional immune-stromal crosstalk (W. Wang et al., 
2020). Notably, analysis of menstrual effluent from endometriosis patients un-
covered depletion of proliferative uNK cells and IGFBP1⁺ stromal cells, along 
with enrichment of IL11⁺ and MGP⁺ stromal subsets and B cells, indicating im-
paired decidualization and a pro-inflammatory endometrial phenotype that may 
serve as a non-invasive diagnostic signature (Shih et al., 2022). 

Several studies have characterized the cellular heterogeneity and micro-
environment of ectopic lesions. One study delineated distinct immunotolerant 
macrophages (LYVE1⁺), MSR1⁺ dendritic cells, and regulatory T cells in perito-
neal and ovarian lesions, with CCL19⁺ perivascular cells supporting site-specific 
angiogenesis. The identification of MUC5B⁺ progenitor-like epithelial cells 
further highlighted epithelial plasticity (Tan et al., 2022).  

A broader atlas analyzing over 370,000 cells across lesion subtypes revealed 
epithelial enrichment of SOX9⁺, MUC5B⁺, and secretory-like cells, alongside 
stromal dysregulation in endometriomas. Mutation-specific transcriptional pro-
grams, such as ARID1A–SOX17–VEGFC and KRAS–S100A1 axes, were as-
sociated with lymphangiogenesis and immune evasion, establishing links between 
endometriosis and ovarian cancer subtypes (Fonseca et al., 2023). 

Fibroblast-driven progression is central to endometriosis pathogenesis. A 
detailed trajectory analysis showed that eutopic fibroblasts gradually acquire a 
pathogenic phenotype in ectopic lesions. These fibroblasts exhibit enhanced ex-
pression of ECM remodeling, angiogenesis, and immune-modulating genes, and 
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interact with immunosuppressive macrophages and exhausted T cells via dys-
regulated ligand–receptor signaling (J. Ma et al., 2021). 

Parallel findings in ovarian endometriosis confirmed epithelial resistance to 
apoptosis mediated by NNMT overexpression, which inhibits FOXO1-BIM 
signaling. These epithelial cells also expressed HLA class II genes, stimulating 
CD4⁺ T cells and promoting chronic inflammation. Stromal cells in these lesions 
maintained survival and proliferative signaling pathways (J. Yan et al., 2024). 

Tracing malignant transformation, another study mapped the transition from 
normal endometrium to atypical endometrial hyperplasia (AEH) and ultimately 
to endometrioid endometrial carcinoma (EEC). The tumor-initiating population 
was identified as LCN2⁺/SAA1/2⁺ unciliated glandular epithelial cells, with 
tumor progression marked by stromal-derived paracrine support and increased 
regulatory T cells. High expression of LCN2 and SAA1/2 correlated with poor 
patient prognosis, offering potential early biomarkers (Ren et al., 2022). 

 
Figure 2: Cell types identified in different conditions from Single-cell transcriptomic 
studies. A heatmap of an overview of different cell types identified in different conditions, 
including normal endometrium, eutopic endometrium, superficial peritoneal endo-
metriosis, deep infiltrating endometriosis, and ovarian endometriosis. 
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2.6.5. Menstrual cycle synchronicity in endometriosis 

Menstrual cycle synchronicity in endometrioma is a debated topic. Recent re-
search suggests that endometriotic lesions do not always display synchronized 
hormonal and morphological changes alongside the eutopic endometrium. A 
study on superficial peritoneal endometriotic lesions found that only a subset of 
these lesions showed histological changes consistent with the menstrual cycle 
(Colgrave et al., 2020). This challenges the long-held assumption that all endo-
metriotic tissues undergo cyclic transformations similar to healthy endometrial 
tissue (Colgrave et al., 2020). The phenomenon of menstrual cycle synchronicity 
in endometrioma is complex and influenced by both hormonal and molecular fac-
tors. Recent transcriptomic analyses have provided valuable insights into its 
regulation. Research indicates that the eutopic endometrium in women with endo-
metriosis displays distinct molecular signatures across different menstrual phases, 
suggesting a disruption in gene expression synchronization compared to healthy 
endometrial tissue (Prašnikar et al., 2020). Furthermore, single-cell transcrip-
tomic studies reveal dynamic changes in endometrial cell populations throughout 
the menstrual cycle, with unique gene expression patterns associated with the 
window of implantation. This underscores the significance of transcriptomic 
transitions in regulating menstrual cycle phases (W. Wang et al., 2020). Addition-
ally, meta-analyses of transcriptome-wide studies have highlighted immune-
related gene expression changes that appear to occur independently of hormonal 
fluctuations. This suggests that immune dysregulation may contribute to the de-
synchronization of the menstrual cycle in women with endometriosis (Poli-Neto 
et al., 2020). These findings indicate that the regulation of the menstrual cycle in 
endometrioma is not solely determined by hormonal variations but also by mole-
cular and immune-mediated mechanisms, which may affect implantation and 
fertility. 
 
2.6.6. Transcriptomic analysis of endometrial receptivity genes 

Transcriptomic analysis of endometrial receptivity genes has provided valuable 
insights into the molecular mechanisms underlying the window of implantation, 
which is crucial for successful embryo implantation. Recent studies have identi-
fied transcriptomic signatures that can be used to monitor endometrial receptivity 
in different populations, such as Chinese women, using next-generation sequenc-
ing and bioinformatics approaches (W.-B. Zhang et al., 2021). Additionally, bio-
informatics workflows for transcriptomic analysis have facilitated large-scale 
data integration, enabling researchers to develop personalized diagnostic models 
and machine-learning-based predictors of endometrial receptivity (Rabaglino & 
Kadarmideen, 2020). Endometrial receptivity genes play a crucial role in defining 
WOI, a key period when the endometrium becomes receptive to embryo implan-
tation. Studies have demonstrated that precise transcriptomic profiling can 
identify gene expression patterns associated with endometrial receptivity, allow-
ing for personalized embryo transfer strategies (Meltsov et al., 2023). Research 



40 

from Estonia, including work by Maire Peters and colleagues, has highlighted the 
importance of targeted gene expression profiling using 68 biomarker genes to 
assess endometrial receptivity, with findings indicating that patients with recur-
rent implantation failure often experience a displaced WOI (Meltsov et al., 2023). 
These advancements in transcriptomic analysis and bioinformatics pave the way 
for personalized embryo transfer strategies, improving clinical outcomes in as-
sisted reproductive technologies. 

2.7. Advances in transcriptomic profiling technologies 
Bulk RNA sequencing (RNA-Seq), microRNA sequencing (miRNA-Seq), and 
microarray technologies are among the most widely used methodologies for in-
vestigating gene expression and transcriptomics. Bulk RNA-Seq, employing 
next-generation sequencing (NGS), enables the comprehensive quantification of 
RNA expression by capturing all transcripts present in a given biological sample. 
This global profiling capability has significantly advanced research into gene ex-
pression changes across various biological conditions, contributing substantially 
to disease research, biomarker discovery, and therapeutic target identification (Xu 
et al., 2016). miRNA-Seq, a specialized RNA sequencing technique, specifically 
targets miRNAs, small non-coding RNAs critical for gene regulation. Through 
sequencing small RNA fragments, miRNA-Seq facilitates the discovery of novel 
miRNAs, assessment of differential expression, and prediction of miRNA-target 
interactions, thus playing an integral role in understanding gene regulatory net-
works (Benesova et al., 2021). Microarray technology, an earlier method em-
ploying hybridization-based approaches for gene expression measurement, has 
been widely utilized for transcriptomic profiling. Although RNA-Seq is in-
creasingly preferred due to its superior sensitivity in detecting low-abundance 
transcripts and novel RNA variants (Meyer et al., 2010), microarrays remain valu-
able in large-scale studies because of their cost-effectiveness and established 
reliability. 

Recently, scRNA-Seq has emerged as a powerful advancement, overcoming 
the limitations of bulk RNA-Seq by enabling the profiling of gene expression at 
the resolution of individual cells. This capability allows researchers to charac-
terize rare cell populations, investigate cell-state transitions, and study cellular 
interactions within complex biological systems (G. Chen et al., 2019). scRNA-
Seq has proven instrumental across various research domains, including develop-
mental biology, immunology, oncology, and reproduction biology, facilitating the 
construction of detailed single-cell atlases of tissues and organs (K. Huang et al., 
2024). Public databases such as the Human Cell Atlas (HCA) and PanglaoDB 
provide extensive scRNA-Seq datasets, significantly advancing the exploration 
of cell-type diversity across multiple organisms. Specifically, PanglaoDB serves 
as a comprehensive resource for classifying immune and non-immune cell types 
from scRNA-Seq data, offering curated cell markers that are indispensable for 
biomedical research (Gondal et al., 2024). Collectively, bulk RNA-Seq, miRNA-
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Seq, microarray, and scRNA-Seq technologies continue to shape transcriptomic 
research. The integration of these methodologies enhances our understanding of 
gene regulation dynamics, disease mechanisms, and therapeutic developments, 
advancing precision medicine and systems biology. The technologies integrated 
into the work are illustrated in Figure 3. 

 

Figure 3: Overview of technologies and workflow used in the thesis. (Created using 
bioRender.com) 

2.8. Summary of the literature 
Essential regulators of gene expression, miRNAs significantly influence various 
biological processes, including the progression and metastasis of cancer. Their 
biogenesis occurs through canonical and non-canonical pathways, with key regu-
lators like Drosha, Dicer, and Argonaute proteins facilitating their maturation and 
integration into the miRISC. In cancer, miRNAs are frequently dysregulated due 
to chromosomal abnormalities, transcriptional alterations, and epigenetic modifi-
cations, contributing to hallmarks such as proliferation, evasion of apoptosis, 
metastasis, and angiogenesis. Specific miRNA signatures have been identified in 
gynecological cancers, including ovarian, cervical, and endometrial cancers, 
where they modulate tumor progression, invasion, and therapeutic resistance. 
Their role extends to pan-cancer classification, where miRNA-based ML models 
have demonstrated high accuracy in identifying tissue of origin, enhancing diag-
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nostic precision. Furthermore, the interconnectedness between breast cancer and 
gynecological cancers becomes evident through shared genetic mutations, hor-
monal regulation, and metabolic alterations. Other non-coding RNAs, including 
lncRNAs, contribute to cancer progression by interacting with miRNAs and chro-
matin modulators to regulate gene expression. 

Extending beyond cancer and gynecological malignancies, the exploration of 
endometriosis provides further insights into disease mechanisms. Endometriosis, 
characterized by ectopic endometrial tissue growth, shares cancer-like features 
such as metabolic reprogramming and disrupted immune regulation. Its patho-
genesis involves hormonal imbalances, immune dysfunction, and a hypoxic 
microenvironment that drives glycolysis (Warburg effect) for energy metabolism. 
Emerging insights from scRNA-Seq have elucidated the cellular architecture and 
immune-stromal interactions in both endometrial tissue and ectopic lesions. The 
therapeutic landscape of endometriosis, highlighting traditional hormonal treat-
ments alongside novel non-hormonal strategies targeting metabolic repro-
gramming. Additionally, transcriptomic analysis has highlighted altered endo-
metrial receptivity, impacting implantation success in affected women. 

Lastly, advances in transcriptomic technologies, including RNA-Seq, miRNA-
Seq, microarray, and scRNA-Seq, have expanded the understanding of gene regu-
lation in cancer and endometriosis, providing opportunities for precision medi-
cine and biomarker discovery. 
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3. AIMS OF THE STUDY 

The primary aim of this thesis is to leverage high-throughput gene expression 
profiling, ML, and integrative bioinformatics to enhance diagnostic precision in 
cancer and endometriosis. Additionally, it seeks to unravel the underlying mole-
cular mechanisms driving these diseases through advanced computational ana-
lyses. The specific objectives are: 
1. Develop an interactive platform for biomarker discovery in gynecological and 

breast cancers. 
2. Apply ensemble ML for tumor tissue-of-origin (TOO) classification. 
3. Analysis of scRNA-seq data to investigate cellular heterogeneity and meta-

bolic reprogramming in endometriosis. 
4. Investigate gene expression profiles of endometriomas across menstrual cycle 

phases. 
These aims collectively address critical gaps in cancer classification and endo-
metriosis research, contributing to precision diagnostics and therapeutic advance-
ments. 
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4. MATERIALS AND METHODS 

4.1. Study subjects and samples 

4.1.1. Transcriptomic datasets from public repositories  
(Study I and II) 

Two independent studies were conducted using transcriptomic data from The 
Cancer Genome Atlas (TCGA). In Study I, five cancer types were selected: four 
gynecological cancers, uterine corpus endometrial carcinoma (UCEC), uterine 
carcinosarcoma (UCS), cervical squamous cell carcinoma and endocervical 
adenocarcinoma (CESC), ovarian serous cystadenocarcinoma (OV), and breast 
invasive carcinoma (BRCA). A total of 2,504 samples, including primary solid 
tumor and matched normal tissues, were analyzed for miRNA isoform expression 
and RNA expression, the latter further categorized into protein-coding and long 
non-coding genes. Clinical information was retrieved from the GDC data portal 
in XML format. Disease staging was established using the FIGO system for 
gynecological cancers and the TNM system for breast cancer. 

In Study II, an extended analysis was performed using data from 14 cancer 
types. Transcriptomic profiles, including miRNA-Seq and RNA-Seq data, for 
solid tissue normal (NT) and primary solid tumor (TP) samples.  We included 
cancer types with at least 10 tumor-normal pairs, retaining only primary tumor 
and normal solid tissue samples for consistency.  

For both Study I and II, transcriptomic and clinical datasets were downloaded 
using the Bioconductor R package TCGAbiolinks (v2.32.0), and RNA-Seq data 
were annotated using the biomaRt (v2.60.1) package. A summary of sample 
distributions and clinical annotations is provided in Table 6 (Study I). The com-
bined dataset includes 6,485 miRNA-Seq and 6,507 RNA-Seq tumor samples, 
along with 640 miRNA-Seq and 660 RNA-Seq normal tissue samples across all 
cancer types (BLCA, BRCA, ESCA, HNSC, KICH, KIRP, KIRC, LIHC, LUSC, 
LUAD, PRAD, STAD, THCA, and UCEC) (study II). 

Datasets for c-miRNAs related to gynecological and breast cancer (Study I) 
were collected from the GEO database. Different search terms were used to 
identify the datasets from GEO db, including “Circulating miRNAs/microRNAs 
and cancer”, “Circulating miRNAs/microRNAs and gynecological cancer”, 
“Extracellular miRNA/microRNAs and cancer/endometrial cancer/ovarian 
cancer/cervical cancer”, “Exosome and microRNAs and cancer” “Plasma and 
microRNAs/miRNAs and cancer” and “Serum miRNAs/microRNAs and 
cancer.” Using these search terms, we compiled datasets for endometrial, ovarian, 
cervical, and breast cancers, encompassing a total of 1,710 samples representing 
c-miRNA and tissue/cell line miRNA expression profiles. 
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Table 6. Number of samples per group across the five cancer types. Adapted with 
permission from Lawarde et al., 2024, Non-coding RNA Research, licensed under the 
Creative Commons Attribution 4.0 International License. 

Cancer Normal Stage I Stage 
II 

Stage 
III 

Stage 
IV 

Stage 
information 

Vital status 

Alive Dead 

TCGA-
UCEC 35 341 51 130 29 

Clinical 
staging 
system 

54 48 

TCGA-
UCS - 21 5 20 10 

Clinical 
staging 
system 

31 34 

TCGA-
CESC 3 162 69 45 21 

Clinical 
staging 
system 

25 61 

TCGA-
OV - 1 21 292 57 

Clinical 
staging 
system 

28 30 

TCGA-
BRCA 113 182 627 249 20 

Pathological 
staging 
system 

1062 112 

 
 

4.1.2. Ethical statement 

For Study III, ethical approval was granted by the Research Ethics Committee of 
the University of Tartu, Estonia (Approval No. 333/T-6). Written informed con-
sent was obtained from all participants, and the study was conducted in full 
compliance with ethical guidelines for research involving human subjects. 

For Study IV, the study protocol was approved by the same committee (Ap-
proval No. 333/T-6, dated 18 January 2021), and written informed consent was 
similarly obtained from all participants. 

 
4.1.3. Transcriptomic datasets generated  

in a laboratory (Study III and IV) 

Wet lab data collection and experimental procedures were carried out by Meruert 
Sarsenova (PhD) for Study III and by Merli Saare (PhD) for Study IV. 

Endometrial tissues were collected from women with endometriosis under-
going laparoscopic surgery at Tartu University Hospital (Tartu, Estonia) as part 
of two separate studies. In Study III, paired eutopic endometrium (EuE) and 
ectopic endometrium (EcE) samples were obtained from four women during the 
follicular phase of the menstrual cycle (days 7–11). The participants had a mean 
age of 33 ± 6.4 years and an average body mass index (BMI) of 21 ± 1.8 kg/m². 
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According to the revised American Society for Reproductive Medicine (rASRM) 
classification, three patients had minimal to mild endometriosis, and one had 
moderate to severe disease. 

In Study IV, matched EuE and endometrioma samples were collected from 31 
women diagnosed with severe (Stage III–IV) endometriosis. The mean age was 
31.0 ± 6 years, and the average BMI was 22.0 ± 3.4 kg/m². Biopsies were obtained 
at different phases of the menstrual cycle, based on self-reported cycle days: 
proliferative (days 5–12, n = 6), early-secretory (days 14–18, n = 9), mid-
secretory (days 21–23, n = 8), and late-secretory (days 26–30, n = 8). 

None of the participants in either study had received hormonal treatment for 
at least three months prior to surgery. During laparoscopy, peritoneal lesions 
and/or endometriomas were excised, and eutopic endometrial tissues were col-
lected using a Pipelle suction catheter (Laboratoire CCD, France). The presence 
of endometriosis-specific morphological features in all lesion samples was con-
firmed by a pathologist. Collected tissues were immediately preserved in 
RNAlater (Thermo Fisher Scientific, USA), incubated at 4°C for 24 hours, and 
stored at –80°C until further processing. 

4.2. Wet lab methods (Study III & IV) 
This procedure was performed by Meruert Sarsenova (PhD) and Merli Saare 
(PhD) for studies III and IV, respectively. 
 

4.2.1. Tissue dissociation for scRNA-seq and chromium 10x 
procedure (Study III) 

Cryopreserved tissues (50–80 mg) were warmed in a water bath at 37°C until 
thawed. Immediately after thawing, the biopsy content was washed twice in a  
15 ml falcon tube with a 5–7 ml pre-warmed DMEM medium (phenol red free, 
charcoal-stripped FBS 10% + antibiotics/antifungal, Corning), to remove cryo-
protectant and excess blood. The tissue was dissociated using an enzymatic 
cocktail containing 2.5 mg/ml of collagenase I (Sigma), 0.25 mg/ml of DNase 
(AppliChem GmbH), and 10 mg/ml of Dispase II (Gibco) in 10 ml of DMEM 
medium. After vigorously shaking the tubes, further dissociation was carried out 
for approximately 1 hour in an incubator at 37°C, with the tubes placed hori-
zontally on a rotating shaker. The tissue suspension was left undisturbed for 1–2 
minutes in a vertical position to allow the undigested tissue fragments to settle by 
gravity. Any undigested tissue material was then enzymatically re-digested in an 
incubator for another 15 minutes. The single-cell suspension was filtered through 
a 30-μm cell strainer to remove debris, and the cells were then pelleted by centri-
fugation at 300×g for 5 minutes. Red blood cells were removed by treating the 
cells with ACK lysis buffer (Gibco), following the manufacturer's instructions. 
After pelleting the single cells, they were resuspended in 500 μl of DMEM 
medium and filtered through a 30 μm cell strainer. The filtered suspension was 
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collected in a 5% BSA-coated 1.5 ml microfuge tube. The cells were then counted 
using Trypan blue chemistry on an automated counter (Corning) to determine the 
concentration and viability of the cell suspension. Live cells were enriched using 
MACS dead cell removal kit (Miltenyi Biotec) following the manufacturer’s 
instructions. The enriched cell suspensions having viability > 90% were washed 
with 0.04% BSA (Sigma) in Dulbecco’s DPBS (1×, Gibco) on ice for three times 
to remove ambient RNAs. The cells were resuspended in 0.04% BSA in DPBS to 
achieve a final concentration of 700–1200 cells/μl, as recommended by the manu-
facturer’s protocol (10x Genomics).    

Next, single-cell RNA libraries were prepared using the 10x Chromium Next 
GEM Single Cell 3’ Reagent v3.1 kit (Dual-Index, 10x Genomics, CG000315 
Rev C). The kit included the single-cell 3’ gel bead kit, library construction kit, 
and chip G kit, and the libraries were constructed according to the manufacturer’s 
instructions (10x Genomics). We loaded single-cell suspensions, gel beads, and 
master mix onto a microfluidic chip to target 3,000 cells per sample. The samples 
underwent processing to create Gel Beads-in-emulsion. This was followed by cell 
lysis, cDNA synthesis, amplification, and purification to produce barcoded full-
length cDNA. Library preparation was carried out simultaneously for all the 
samples using the library construction kit, following the manufacturer’s instruc-
tions to avoid any batch effects. The quality of cDNA and single-cell libraries was 
analyzed using the Agilent 4150 TapeStation from Agilent Technologies. Dual 
indexed single-cell libraries were pooled and pair-end sequenced targeting 35,000 
reads per cell using the NovaSeq PE150 from Illumina. 
 

4.2.3. RNA extraction and profiling (Study IV) 

Total RNA was extracted from tissue samples using the RNeasy Mini Kit (Qia-
gen, Germany) following the manufacturer's protocol. RNA quality and quantity 
were assessed with the Qubit RNA IQ Assay (Thermo Fisher Scientific), and 
samples with RNA integrity ≥7 were selected for further analysis. Archival endo-
metrial samples (n = 24) stored in RNAlater were fixed in 10% buffered formalin, 
paraffin-embedded, sectioned (4 μm), and stained with hematoxylin and eosin. 
Slides were scanned using a 3DHistech Pannoramic Flash III 250 scanner, and 
endometrial cycle staging was performed by a pathologist using Noyes criteria. 
Expression profiling of 57 endometrial receptivity genes and 4 housekeeping 
genes was performed using the beREADY test (www.beready.ee) based on TAC-
seq technology. Library preparation followed standard protocols, and sequencing 
was conducted using the Illumina NextSeq 500 platform. Data analysis was 
performed as described previously (Teder et al., 2018), with tools available at 
https://github.com/cchtEE/TAC-seq-data-analysis. 

https://github.com/cchtEE/TAC-seq-data-analysis
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4.3. Bioinformatic methods 

4.3.1. Preprocessing and differential expression analysis  
(Study I, II, and IV) 

In Study I, high-throughput sequencing data for miRNA isoforms, protein-coding 
genes, and lncRNAs were obtained from the GDC data portal. Normalization was 
performed using the calcNormFactors function in the edgeR package 
(Bioconductor v3.40.2), and lowly expressed transcripts were filtered using 
filterByExpr. Differential expression analysis was conducted using generalized 
linear models (glmFit and glmLRT), with p-values adjusted using the false 
discovery rate (FDR) method. For microarray datasets, normalization and 
background correction of raw Affymetrix data (from GEO) were carried out using 
the rma function in the affy package (v1.50.0), while raw Agilent data were pro-
cessed using the limma package (v3.28.14). The log2-transformed expression 
data were modeled using lmFit from limma. Differentially expressed miRNAs 
(DEmiRNAs), protein-coding genes, and lncRNAs were visualized with inter-
active volcano plots using the highcharter package (v0.9.4). 

In Study II, differential expression analysis between tumor and normal tissues 
across 14 cancer types was performed using the DESeq2 package (v1.44.0). Ex-
pression matrices for both protein-coding genes and lncRNAs were extracted 
from RNA-Seq datasets for each cancer type and analyzed using the same 
DESeq2 workflow. 

In Study IV, normalized count data from beREADY sequencing were im-
ported into R and log2-transformed prior to statistical testing. Differential expres-
sion analysis between matched eutopic endometrium and endometriomas was 
conducted using Student’s t-test, with FDR correction applied to adjust for 
multiple testing. Genes with an |log2FC| > 1.5 and FDR < 0.05 were considered 
significantly differentially expressed. For multivariable interaction analysis, 
DESeq2 was employed using a likelihood ratio test (LRT) to evaluate interaction 
effects between factors, analogous to a two-way ANOVA framework. Addi-
tionally, gene expression data for 67 endometrial receptivity genes were extracted 
from total mRNA sequencing of CD10⁺ stromal cells isolated from the eutopic 
and ectopic tissues of four women with moderate to severe endometriosis. Diffe-
rential expression analysis for these stromal cell samples was performed using 
edgeR, with significance determined using the Benjamini–Hochberg method 
(FDR < 0.05 and |log2FC| > 1.5). 

 
4.3.2. miRNA–mRNA–lncRNA network construction  

(Study I and II) 

For both Studies I and II, integrated miRNA–mRNA–lncRNA co-expression net-
works were constructed to investigate regulatory interactions among transcript 
types. Initially, shared patient samples were identified across miRNA, mRNA, 
and lncRNA datasets. Pearson correlation coefficients were then calculated 
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between all pairs of differentially expressed transcripts (|log2FC| ≥ 1, adjusted p-
value < 0.05 using Benjamini–Hochberg correction). Interactions with a corre-
lation coefficient of |r| ≥ 0.5 were retained to construct the correlation matrix. 

The resulting correlation matrices were used to generate network graphs using 
the igraph R package (v1.4.1 for Study I, v2.1.1 for Study II). The fast greedy 
community detection algorithm was employed to identify functional modules 
(hub subnetworks) within the co-expression networks. Network-level topological 
features such as the assortativity coefficient and node degree were also computed 
to evaluate structural properties. Network visualizations were rendered using the 
visNetwork R package (v2.1.0). 

 
4.3.3. Integrative analysis of miRNA targets, pathways, and  

drug associations (Study I and II) 

Experimentally validated targets of differentially expressed and interacting 
miRNAs were collected from curated databases – miRTarBase, miRecords, and 
TarBase – using the Bioconductor R package multiMiR (v1.18.0 for Study I; 
v1.26.0 for Study II). These validated targets were subjected to Gene Ontology 
(GO) and KEGG pathway enrichment using the clusterProfiler package (v4.12.6), 
performed separately for miRNAs from the miRNA–mRNA–lncRNA network 
and for pooled sets including common miRNAs, EV-associated miRNAs, and the 
Cancer miRNA Compendium (CMC) (Suszynska et al., 2024). Dot plots were 
used for visualization. 

To assess clinical relevance, experimentally supported miRNA–drug inter-
actions in cancers were retrieved from the NoncoRNA database. Cancer-related 
pathology data, including protein expression and prognostic information, were 
obtained from the Human Protein Atlas (HPA). For Study II, additional validation 
incorporated cancer-related miRNA isoforms, extracellular vesicle (EV) miRNAs, 
and clinical trial-linked miRNAs. miRNAs from CMC were mapped to miRBase 
v21 identifiers to evaluate overlap with the interacting miRNA set. 

Overlap and integrative analyses were visualized using Venn diagrams and pie 
charts, created with the ggplot2 (v3.5.1) and VennDiagram (v1.7.3) packages, en-
abling a comprehensive evaluation of miRNA functionality, disease association, 
and therapeutic potential. 

 
4.3.4. Survival analysis (Study I and II) 

To investigate the prognostic relevance of the identified interacting miRNAs, 
protein-coding genes, and lncRNAs, survival analyses were conducted using both 
Kaplan–Meier (KM) estimation and univariate Cox proportional hazards (Cox-
PH) regression modeling. 

For each miRNA, patient samples were stratified into high- and low-expres-
sion groups based on the median expression value. KM survival curves were 
generated to visualize overall survival differences, and the log-rank test was 
applied to assess their statistical significance using the survdiff function. The 
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Cox-PH model was fitted to evaluate the association between expression levels 
and patient survival, and the proportional hazards assumption was verified using 
Schoenfeld residuals. 

Visualizations were generated using the ggsurvplot function for KM curves 
and ggforest for hazard ratio forest plots, both implemented via the survminer R 
package (v0.4.9). All survival analyses were conducted using the survival R 
package (v3.7.0 for Study II and v3.4.0 for Study I). 

For protein-coding genes and lncRNAs, the same analytical framework was 
applied, ensuring consistency across transcript classes. For Study II, the Meth-
Surv pipeline was additionally used to support univariate survival analysis of 
miRNA expression profiles, offering automated statistical testing and visua-
lization of expression datasets. 

4.4. R Shiny web tool development and deployment  
(Study I) 

The R Shiny application was developed using the Shiny package, with its user 
interface and server logic defined in ui.R and server.R, respectively. The application 
and its dependencies were containerized using a Dockerfile to facilitate deploy-
ment. The complete project, encompassing the Dockerfile and application code, 
was hosted in a GitLab repository: https://gitlab.cs.ut.ee/ankitala/micrornaapp. 

GitLab's continuous integration/continuous deployment (CI/CD) pipelines 
were utilized to automate the deployment process. These pipelines are configured 
to trigger upon new commits to the repository, initiating a sequence that builds 
the Docker image and deploys the application (Figure 4). The High-Performance 
Computing Center at the University of Tartu provided the infrastructure and 
support for configuring Kubernetes, which orchestrates the deployment of the 
application as a web-accessible service within a CI/CD workflow. 

Figure 4: Workflow for deploying an R Shiny application using Docker, GitLab CI/CD, 
and Kubernetes. (Adapted from: https://pasteur.hal.science/pasteur-04643557v1) 
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4.5. Machine learning models (Study II) 
A multiclass classification model was constructed to distinguish 27 categories 
using a dataset comprising 7,125 samples, of which 4,978 were designated for 
training. The dataset included both tumor and normal tissue samples across 
diverse cancer types. Each category included a minimum of 15 samples to ensure 
reliable model performance. Normal tissue samples from the ECSA group were 
excluded due to an inadequate number of observations. Prior to model training, 
raw miRNA count data were subjected to log2 transformation, quantile norma-
lization, and batch effect correction (Figure 5A).  

Four ensemble-based ML algorithms were employed to develop the tissue-of-
origin classification models (Figure 5B):  

Random Forest (RF): RF constructs multiple decision trees using bootstrapped 
subsets of the data and randomly selected features. By aggregating the predictions 
of individual trees, RF enhances model accuracy and robustness while reducing 
the risk of overfitting. 

AdaBoost (Adaptive Boosting): AdaBoost sequentially combines weak classi-
fiers, giving greater weight to misclassified instances in each iteration. While 
effective at reducing bias, it can be sensitive to noisy data and outliers, which 
may impact performance in certain contexts.  

XGBoost (Extreme Gradient Boosting): XGBoost is an optimized im-
plementation of gradient boosting that incorporates regularization and parallel 
computation. It is particularly effective for high-dimensional datasets due to its 
computational efficiency and predictive power.  

LightGBM (Light Gradient Boosting Machine): LightGBM employs histogram-
based learning and a leaf-wise tree growth strategy, significantly enhancing speed 
and reducing memory consumption. Ultimately making it well-suited for large-
scale datasets. 

Together, these ensemble learning methods leverage the strengths of different 
modeling strategies to improve classification accuracy and ensure reliable per-
formance across diverse sample types. 

The ML workflow was implemented in Python (v3.8.16) using several spe-
cialized libraries. LightGBM (v4.5.0) and XGBoost (v2.1.1) were used to imple-
ment efficient, scalable gradient boosting algorithms. Data preprocessing and 
model development utilized scikit-learn (v1.3.2) for ML algorithms, along with 
numpy (v1.24.4) for numerical computing and efficient handling of large multi-
dimensional arrays, and pandas (v2.0.3) for data manipulation and analysis. Data 
visualization was conducted using matplotlib (v3.7.3) and seaborn (v0.13.2). 
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Figure 5: Workflow of Study II. All steps from data collection, co-expression analysis, 
network analysis, survival analysis, feature selection, ML Pipeline, and in silico valida-
tion of miRNA features. Reproduced with permission from Lawarde et al., 2025, Frontiers 
in Bioinformatics, licensed under the Creative Commons Attribution 4.0 International 
License. 
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The miRNA expression dataset, encompassing 14 cancer types and 27 classi-
fication categories, was partitioned into training and test sets using a 70:30 split. 
Accordingly, 70% of the samples were used for model training, while the re-
maining 30% were reserved for model evaluation. All analyses were performed 
using Python 3 (Figure 5B). 

An ML pipeline was constructed using the Pipeline module from imblearn.pipe-
line library (imblearn v0.12.3). The pipeline integrated StandardScaler from 
sklearn.preprocessing for feature normalization and the Synthetic Minority Over-
sampling Technique (SMOTE) from imblearn.over_sampling to address class 
imbalance during training. This ensured consistent preprocessing and balanced 
class representation in the training data. 

Model evaluation was conducted using 5-fold cross-validation with Strati-
fiedKFold from sklearn.model_selection to preserve class distribution across 
folds. Performance metrics, including precision, recall, F1-score, and accuracy, 
were computed using the classification_report and confusion_matrix functions 
from sklearn.metrics. Additionally, the area under the ROC curve (AUC) was 
calculated using the roc_auc_score function. 

All models were trained using default parameters, except for AdaBoost, which 
underwent hyperparameter tuning. In this configuration, a decision tree classifier 
with a maximum depth of 5 was used as the base estimator. The model was trained 
using the SAMME (Stagewise Additive Modeling using a Multiclass Exponential 
loss function) algorithm, with a learning rate of 1.2 and 300 estimators. 

In addition, the LightGBM model was also trained using mRNA and lncRNA 
features derived from the miRNA–mRNA–lncRNA interaction network to com-
pare classifier performance across biomolecule types. All selected mRNAs were 
significantly differentially expressed in each cancer type (|log2FC| ≥ 1; adjusted 
p-value < 0.05). From a total of 6,207 mRNAs and 2,245 lncRNAs, two random 
subsets were selected using predefined random seeds (123 and 223 for mRNAs; 
105 and 258 for lncRNAs), alongside a third model trained on the complete 
interacting set.  

The performance of each classification model was evaluated, and we utilized 
standard evaluation metrics commonly applied in related studies, including accu-
racy, sensitivity (recall), specificity, precision, F1-score, and the area under the 
ROC curve (AUC). These metrics were computed as follows: 

 
Precision =  True Positive / (True Positive + False Positive) 
Recall/Sensitivity =  True Positive / (True Positive + False Negative) 
F1-Score =  2 × True Positive / (2 × True Positive + False Positive + 

False Negative) 
Accuracy =  (True Positive + True Negative) / (True Positive + True 

Negative + False Positive + False Negative) 
Specificity =  True Negative / (True Negative + False Positive) 
 
AUC (Area Under the Curve): Represents the area under the Receiver Operating 
Characteristic (ROC) curve, providing a summary measure of the model's ability 
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to discriminate between classes across all possible classification thresholds. 
These metrics offer a comprehensive assessment of model performance, cap-
turing both class-wise predictive power and overall discriminative capacity. 

4.6. scRNA-Seq data analysis workflow (Study III) 

4.6.1. scRNA-seq preprocessing, integration, and  
cell-type annotation 

The scRNA-seq data from 10x Genomics were aligned using the refdata-gex-
GRCh38-2020-A, reference genome obtained from the 10x Genomics website. 
Count matrices for each sample were generated with the Cell Ranger software 
(version 7.0.0). 

For the scRNA-seq analysis, we utilized the Seurat package from CRAN. Dur-
ing the data processing, we retained cells that had a unique molecular identifier 
(UMI) count exceeding 500 and those that expressed more than 200 genes. Cells 
classified as high-complexity types (greater than 80% complexity) were pre-
served, while those with more than 15% mitochondrial reads were excluded. We 
also eliminated genes with zero counts, retaining only those expressed in three or 
more cells. 

Each sample was normalized, and cell cycle scores were assigned using the 
CellCycleScoring function, which is based on G2/M and S phase markers docu-
mented by (Tirosh et al., 2016), according to the Seurat manual. We applied the 
SCTransform method to normalize the filtered raw data, evaluate the variance, 
and identify the most variable genes, while accounting for variations from mito-
chondrial expression and cell cycle phase. 

Subsequently, we conducted Principal Component Analysis (PCA) on the 
SCTransformed samples, identifying at least 40 principal components (PCs). 
With these identified PCs, we executed UMAP clustering and employed the Find-
Neighbors and FindClusters functions in Seurat, using resolution steps of 0.1. 
The pre-processed data was then analyzed with the DoubletFinder R package, 
utilizing default parameters to identify and remove doublets from each sample 
before integrating the eight samples. 

For the integration step, we selected 5,000 highly variable shared features to 
identify common subpopulations across EuE and EcE tissues. We performed 
canonical correlation analysis (CCA) to uncover shared sources of variation be-
tween the groups, focusing on the 5,000 variable features. In the subsequent 
integration step, we identified mutual nearest neighbors (MNN) and filtered out 
unnecessary anchors (cells) to successfully integrate the samples across condi-
tions. 

After integration, we visualized the combined data through dimensionality re-
duction techniques, including PCA and UMAP. We employed the FindClusters 
function with resolutions ranging from 0.2 to 1.4 to discern clusters within the 
integrated dataset. The UMAP technique was used to represent cell clusters 
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visually. This integrated dataset, with the identified cell clusters, was then utilized 
for further downstream analyses. 

For the analysis of the external dataset GSE214411, which includes EuE from 
women with endometriosis (N = 3) and controls without endometriosis (N = 3) 
during the proliferative phase of the menstrual cycle, the same analytical pipeline, 
from quality control to cell clustering, was applied as for our primary dataset. 
Additionally, cells with ribosomal read content exceeding 15% were excluded. 

We adopted two primary strategies to identify and label the key cell types in 
the integrated dataset. Initially, we employed the FindAllMarkers function from 
the Seurat package to detect differentially expressed genes for each identified cell 
class, adhering to the default settings (Figure 6). 

Subsequently, we created a list of cell markers sourced from the literature, the 
Cell Marker Database, the Panglao Database, and the single-cell RNA database 
from the Human Protein Atlas to validate the markers we identified. To narrow 
down our selection of marker genes, we established specific criteria: a log2 fold 
change (log2FC) greater than 1, an adjusted p-value below 0.05, PCT.1 greater 
than or equal to 0.7 (indicating higher expression in a specific cluster), and PCT.2 
less than or equal to 0.3 (indicating lower expression in other clusters). 

For our statistical analysis, we assessed cell proportions, total cell counts, and 
cell counts across various cell cycle phases between EcE and EuE samples using 
a two-sided Fisher’s exact test. 

The external dataset mentioned above was analyzed using the Bioconductor 
package SingleR (v2.6.0), and unbiased cell type annotation was performed using 
our dataset as the reference. 

Here, Fisher’s test was performed by Vijayachitra Modhukur (PhD), and 
Amruta Pathare (PhD) performed the manual curation of cell markers. 

 
4.6.2. Pseudobulk differential expression and  

KEGG pathway analyses 

After completing the annotation of cell clusters, our next objective was to conduct 
differential expression analysis between EuE and EcE within each identified cell 
cluster, utilizing a pseudobulk approach (Figure 6). The differential expression 
analysis functions in Seurat treat individual cells as separate samples, which cap-
tures variation at the single-cell level rather than across a broader sample popu-
lation (i.e., comparing four samples of EuE with four samples of EcE). By em-
ploying the pseudobulk approach, we can aggregate counts and metadata at the 
sample level, allowing us to determine which genes are significant for a condition 
at the population level. As a result, we compared four samples from each condi-
tion – four from EuE and four from EcE – during our differential expression 
analysis. Thus, the samples analyzed came from distinct biological samples in-
stead of individual cells. 

We performed differential expression analysis between the cell clusters of EcE 
and EuE, as well as across different cell cycle phases. This was done using the 
DESeq2 (v.1.40.1) R package. Furthermore, we conducted gene enrichment and 
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KEGG pathway enrichment analyses on the differentially regulated genes (with 
an adjusted p-value < 0.05 and log2 fold change ≤ –0.40 or ≥ 0.40) within each 
cell cluster using the clusterProfiler (v.4.8.1) R package. 
 

4.6.3. Metabolic pathway analysis 

We identified 12 pathways associated with cellular energy metabolism from the 
KEGG pathway database accessible online. For each pathway's gene list, we 
gathered the differential expression data comparing EcE and EuE, as outlined in 
the previous step, using the DESeq2 pseudobulk differential expression analysis.  
Next, we utilized the Single Cell Pathway Analysis (SCPA) (v1.6.2) method to 
rank the 12 chosen metabolic pathways between EcE and EuE within each cell 
cluster. This analysis examines changes in the multivariate distribution of path-
ways instead of simply looking at pathway enrichment. Following the recommen-
dations of the SCPA method's authors, we used the Q-value, which assesses the 
multivariate distribution, as our primary statistic. 

Gene Set Variation Analysis (GSVA) was performed using the Bioconductor 
package GSVA (v1.52.2), a non-parametric, unsupervised method, to evaluate the 
enrichment of 12 selected metabolic pathway gene sets across individual patients. 
This approach enabled assessment of inter-patient variability at the metabolic 
pathway level. 

TF activity inference was conducted using the decoupleR package (v2.10.0) 
on genes associated with the same 12 metabolic pathways across all eight scRNA-
seq samples. To assess TF activity separately in EuE and EcE endometrial tissues, 
corresponding count matrices were extracted from the integrated single-cell 
dataset, and TF–target gene associations were mapped accordingly. 
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Figure 6: The workflow for analyzing scRNA-Seq data is depicted, covering all stages 
from initial sequencing reads to subsequent analysis. (Created using bioRender.com) 

4.7. Dimensionality reduction (Study II, III, and IV) 
We used dimensionality reduction techniques to visualize sample clusters and cell 
clusters. t-SNE is a non-linear technique that preserves local structures by model-
ing the probability distribution between pairs of data points. It effectively visua-
lizes complex, high-dimensional datasets, often generating interpretable 2D or 
3D maps that reveal clusters. However, it can be computationally intensive and 
sensitive to hyperparameter choices. In study II, we used t-SNE to visualize 
cancer-type clustering based on miRNA features. Study IV, Uniform Manifold 
Approximation and Projection (UMAP), was applied to cluster and visualize 
samples by menstrual cycle phases, and ggplot2 was used for plotting. In study 
III, we used Principal Component Analysis (PCA) and UMAP for dimensionality 
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reduction. PCA is a linear method that transforms data into a new coordinate 
system based on the largest variances, making it useful for visualizing high-
dimensional data. In contrast, UMAP is a non-linear approach that maintains local 
and global structures, providing a faster and more scalable alternative to t-SNE. 
UMAP generates a graph of nearest neighbors and optimizes this representation 
in lower dimensions, proving effective for large datasets across various fields, 
including bioinformatics and ML. 

4.8. Table of packages, tools, and databases used 

Package/tool/database Purpose Study 

R (v4.0.3 to v4.4.1) Statistical computing, data analysis, and 
visualizations 

I, II, III, and 
IV 

affy (v1.50.0) Differential expression analysis of microarray 
data I 

biomaRt (v2.60.1) Genomic data retrieval I, II 
Cell Ranger (v7.0.0) Analyzing raw scRNA-seq data III 
clusterProfiler (v4.12.6) Ontology analysis I, II 
decoupleR (v2.10.0) TF activity analysis of scRNA-Seq data III 
DESeq2 (v.1.40.1, 
v1.44.0) 

Differential expression analysis of miRNA-
Seq/RNA-Seq data. I, II, III 

edgeR (v3.40.2) Differential expression analysis of miRNA-
Seq/RNA-Seq data I, II, IV 

ggplot2 (v3.5.1) Visualizations I, II, III, IV 
GSVA (v1.52.2) Pathway enrichment analysis III 
highcharter package 
(v0.9.4). Interactive visualizations I, II 

igraph (v1.4.1, v2.1.1) Network construction I, II 

limma (v3.28.14) Differential expression analysis of gene 
expression microarray data. I 

MethSurv R shiny tool Survival analysis II 
multiMiR (v1.18.0, 
v1.26.0) Retrieval of miRNA interactions I, II 

SCPA (v1.6.2) Analysing pathway activity in scRNA-seq 
data III 

Seurat (v4) Analysis, quality control, integration, and 
exploration of scRNA-seq data III 

survival (v3.7.0, v3.4.0) Survival analysis I, II 

survminer (v0.4.9) Forest plot and survival plot analysis and 
visualizations I, II 
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Package/tool/database Purpose Study 

TCGAbiolinks (v2.32.0) TCGA data download, preparation, and 
analysis I, II 

umap (v0.2.7.0) Dimensionality reduction analysis II, III, IV 
VennDiagram (v1.7.3) Venn diagram generation, visualizations I, II 
visNetwork (v2.1.0) Network visualization and rendering I, II 
Python (v3.8.16) ML and data analysis II 

imblearn (v0.12.3) Perform SMOTE and assemble a multistep 
pipeline in Python II 

lightgbm (v 4.5.0) 
To provide a highly efficient, scalable, and 
accurate gradient boosting framework for ML 
tasks 

II 

matplotlib (v 3.7.3) Data Visualizations II 

numpy (v1.24.4) 
Efficient handling of large, multi-dimensional 
arrays and matrices, and numerical 
computing 

II 

pandas (v2.0.3) Provides powerful, flexible data structures 
and data analysis tools II 

Seaborn (v0.13.2) Data Visualizations II 
scikit-learn (v1.3.2) ML II 

Xgboost (v2.1.1) To implement optimized, distributed gradient 
boosting ML algorithms II 

CMC Cancer-associated miRNAs II 

GDC data portal Accessing TCGA project RNA-Seq, miRNA-
seq data, and patient clinical data  I, II 

GEO miRNA-seq, microarray and scRNA-Seq data 
download I, III 

HPA Pathology data in cancers of miRNA target 
genes I 

NoncoRNA db Retrieval of drug association with non-coding 
RNAs  I, II 
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5. RESULTS 

5.1. Study I 

5.1.1. Interactive platform for miRNA and gene expression 

ExplORRNet is an R Shiny-based interactive dashboard developed to enable the 
exploration of miRNA, mRNA, and lncRNA expression profiles derived from 
TCGA datasets focused on gynecological and breast cancers. In addition, it in-
corporates circulating miRNA expression profiles from blood, serum, plasma, 
and exosomal samples obtained from GEO, as illustrated in Figure 7. The tool 
integrates transcriptomic data from five cancer types: uterine corpus endometrial 
carcinoma (TCGA-UCEC), uterine carcinosarcoma (TCGA-UCS), cervical squa-
mous cell carcinoma and endocervical adenocarcinoma (TCGA-CESC), ovarian 
serous cystadenocarcinoma (TCGA-OV), and breast invasive carcinoma (TCGA-
BRCA). 

Users can select any of the listed cancer types to examine differentially ex-
pressed miRNAs, coding genes, and lncRNAs. The sidebar menu of the 
dashboard is organized into three primary sections, miRNA, mRNA, and 
lncRNA, each further divided into two functional modules. The first module 
allows for differential expression analysis between normal and tumor tissues, 
while the second module supports stage-specific pairwise comparisons, enabling 
users to select and compare samples from different clinical stages or between 
normal and cancer stages. 

For visualization, users can generate violin plots for selected miRNAs, 
mRNAs, or lncRNAs by specifying the relevant gene or transcript ID. Addi-
tionally, cancer stage-wise expression profiles can be examined using the cancer 
stage analysis tab. The tool also supports visualization of circulating miRNA ex-
pression levels across selected datasets using violin plots, providing a com-
prehensive platform for integrative expression analysis across tissue and liquid 
biopsy samples. The tool is available at https://mirna.cs.ut.ee/. 
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Figure 7: ExplORRNet’s user interface. A schematic representation illustrating the user 
interface and functionality of ExplORRNet. Reproduced with permission from Lawarde 
et al., 2024, Non-coding RNA Research, licensed under the Creative Commons Attribu-
tion 4.0 International License. 

 
5.1.2. Case studies: differentially regulated miRNAs from 

ExplORRNet 

Case studies conducted utilizing ExplORRNet have demonstrated its effective-
ness in identifying and comparing potential biomarkers in GCs and breast cancer.  

Using the ExplORRNet web platform, miRNA expression profiles were ana-
lyzed across tumor tissues and clinical stages in TCGA-UCEC, TCGA-OV, and 
TCGA-BRCA. In TCGA-UCEC, seven miRNAs were significantly downregu-
lated in advanced stages (III/IV), while six miRNAs were upregulated in tumor 
tissues relative to normal tissues. In TCGA-OV, stage-wise comparisons revealed 
downregulation of miRNAs such as hsa-let-7f-5p and hsa-miR-34a-5p in stages 
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III/IV, whereas hsa-miR-34c-3p/5p and hsa-miR-34b-3p were upregulated. In 
TCGA-BRCA, miRNAs including hsa-miR-497-5p, hsa-miR-130a-3p, and hsa-
miR-206 were downregulated in tumors, while miRNAs such as hsa-miR-200c-
5p/3p and hsa-miR-210-3p were upregulated. These observations align with pre-
vious TCGA-based studies. For the DEmiRNAs, the target analysis can be per-
formed using the ExplORRNet tool. The validated target genes for differentially 
regulated miRNAs (adjusted p-value ≤ 0.05 and |log2FCfold change| > 0.5) were 
retrieved from the miRTarBase, miRecords, and TarBase databases using the 
multiMiR package. For each selected differential expression comparison, a table 
of validated miRNA-target gene interactions was generated by integrating data 
from these three databases. We also performed gene set and pathway enrichment 
analyses using the target enrichment panel available in the tool interface to iden-
tify targets of DEmiRNAs in TCGA-UCEC tumor tissues compared to normal 
tissues. The analysis highlighted the enrichment of biological processes and path-
ways associated with tumor progression, including the Rap1 and Hippo signaling 
pathways, both of which are known to promote proliferation, migration, and 
invasion in endometrial cancer. 

To extend these findings beyond solid tumor tissues, c-miRNAs expression 
data from gynecologic and breast cancers were retrieved from the GEO database, 
including datasets from blood plasma, serum, and exosomal sources. Expression 
profiles of c-miRNAs were analyzed similarly to those obtained from solid tumor 
tissues. Target gene analysis and gene enrichment analysis of targets of c-
miRNAs can be performed in a similar way to DEmiRNAs.  

Additionally, the tool interface allows users to generate miRNA-drug target 
association outputs for selected cancer types and DEmiRNAs. Users can choose 
specific cancers, such as endometrial, ovarian, cervical, uterine, or breast cancer, 
via a drop-down menu. Based on the HPA database, the tool retrieves pathological 
information for selected cancer types based on organ (endometrium, ovary, 
cervix, and breast) for DEmiRNA target genes. Furthermore, a direct link to the 
corresponding HPA entries is provided within the output table, allowing users to 
explore detailed protein information. 

 
5.1.3. Stage-specific survival analysis of prognostic miRNAs 

Survival analysis of differentially expressed miRNAs in TCGA-UCEC, TCGA-
OV, TCGA-CESC, and TCGA-BRCA revealed significant prognostic implica-
tions across tumor stages. Stage-stratified survival analyses were performed to 
evaluate the prognostic significance of selected DEmiRNAs, hsa-miR-497-5p, 
hsa-miR-128-3p, hsa-miR-508-3p, and hsa-miR-30a-5p across TCGA-UCEC, 
TCGA-OV, TCGA-CESC, and TCGA-BRCA datasets, respectively. Kaplan–
Meier and Cox proportional hazards models were applied to assess overall sur-
vival outcomes based on miRNA expression levels and tumor stage. 

In TCGA-UCEC, high hsa-miR-497-5p expression was associated with 
favourable survival across stages (log-rank p = 0.0043), while low expression 
correlated with reduced survival, particularly in advanced stages (log-rank  
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p = 0.025), suggesting stage-dependent prognostic value. The output plots from 
the tool are shown in Figure 8 A-B. For hsa-miR-128-3p in TCGA-OV, the ex-
pression level was not independently prognostic (HR = 1.0, p = 0.71). However, 
clinical stage remained a significant predictor, with Stage II/III (HR = 2.6, p = 
0.013) and Stage IV (HR = 3.4, p = 0.002). Median survival for low-expression 
patients was approximately 2.7 years, reflecting poor outcomes in advanced 
disease. 

In TCGA-CESC, high expression of hsa-miR-508-3p was significantly as-
sociated with improved survival (log-rank p = 0.00078), while no significant 
stage-wise differences were observed in the low-expression group (p = 0.13). Cox 
regression showed that Stage IV patients had a markedly higher hazard of death 
(HR = 3.27; 95% CI: 1.66–6.5; p < 0.001), and low miRNA expression trended 
towards increased risk (HR = 1.57; p = 0.092). The model's concordance index 
was 0.65. In TCGA-BRCA, hsa-miR-30a-5p downregulation was significantly 
associated with reduced survival (log-rank p < 0.0001). Multivariate analysis 
confirmed higher mortality in the low-expression group (HR = 1.70; 95% CI: 
1.11–2.60; p = 0.015).  

Collectively, these findings highlight the prognostic utility of miRNA expres-
sion in a stage-specific manner across multiple gynecological and breast cancers, 
emphasizing their potential as biomarkers for patient stratification and clinical 
outcome prediction. 
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Figure 8: Result of survival analysis conducted on miRNAs in TCGA-UCEC. (A) 
Kaplan–Meier survival curves and (B) forest plot illustrating the prognostic impact of 
selected miRNA (miR-497-5p) expression. 

 



65 

5.1.4. miRNA-mRNA-lncRNA co-expression networks 

A co-expression network was constructed by correlating differentially expressed 
miRNAs, mRNAs, and lncRNAs using a correlation matrix. Users can define a 
cutoff for the minimum correlation coefficient (ranging from –1 to –0.5 or 0.5 to 
1), adjusted p-value (FDR; 0.001 to 0.05), and log₂ fold change (–2 to –0.5 or 0.5 
to 2) through the interface. Only connections meeting these thresholds were in-
cluded in the final network. Community structure in the network was identified 
using the fast greedy modularity optimization algorithm. The fastgreedy.community 
function from the igraph package was employed to perform community detection 
or hub modules. Each hub is assigned a distinct color for easy identification. After 
identifying the hubs, the network’s assortativity coefficient (R) is calculated to 
evaluate the patterns of connections. If R>1, it suggests that hubs tend to connect 
with other hubs, indicating assortative behavior. Conversely, if R<1, it means that 
hubs tend to avoid connecting with each other, reflecting disassortative behavior. 
If R equals 0, the connections are random. 

A simple case study was conducted on the TCGA-UCEC and TCGA-OV cancer 
types for network generation. Using a network panel, we built co-expression 
networks of miRNAs, mRNAs, and lncRNAs for both TCGA-UCEC (Figure 9A–
B) and TCGA-OV (Figure 9C). We identified key hub networks and modules and 
examined the interactions between dysregulated miRNAs and genes. Negative 
assortativity coefficients were found in both TCGA-UCEC and TCGA-OV net-
works (Figures 9B and 9C). As the assortativity coefficient is close to -1, the net-
work becomes more sparse, and the connections between different nodes are 
observed less.  
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Figure 9: MiRNA–mRNA–lncRNA co-expression networks in TCGA-UCEC and 
TCGA-OV. (A) Co-expression network of dysregulated miRNAs, mRNAs, and lncRNAs 
between normal and tumor tissues in TCGA-UCEC (p-value < 0.05, |logFC| > 1, |r| > 
0.545, assortativity coefficient = –0.6958). Squares represent miRNAs, circles represent 
mRNAs, and triangles represent lncRNAs. Different colors indicate distinct hub modules 
identified by hub IDs. (B) Co-expression network of dysregulated miRNAs, mRNAs, and 
lncRNAs in TCGA-UCEC across clinical stages (Stages I–IV) compared to normal tissue 
(p-value < 0.01, |logFC| > 1, |r| < 0.75). (C) Co-expression network of dysregulated 
miRNAs, mRNAs, and lncRNAs in TCGA-OV across progressing clinical stages (Stages 
II–IV) compared to each other (p-value < 0.05, |logFC| > 0.5, |r| < 0.5). For all networks, 
the assortativity coefficient ranged between -0.5 to -0.8. Reproduced with permission 
from Lawarde et al., 2024, Non-coding RNA Research, licensed under the Creative 
Commons Attribution 4.0 International License. 
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5.2. Study II 

5.2.1. Tumor tissue-of-origin classification model performance 

We constructed a correlation-based network (|R| ≥ 0.5) of differentially expressed 
miRNAs, mRNAs, and lncRNAs across selected cancer types, using thresholds 
of adjusted p-value < 0.05 and |log2 fold change| ≥ 1. The networks showed nega-
tive attribute-based assortativity coefficients (ranging from -0.59 to -0.85) and 
degree assortativity (from -0.3 to -0.63), indicating that nodes with different 
connectivity levels, such as highly connected miRNAs, tend to interact with less 
connected protein-coding genes or lncRNAs. 

Across all 14 cancer types, we identified 597 unique miRNAs after removing 
duplicates. Feature selection was applied to 597 interacting miRNAs to identify 
key markers for cancer-type classification. RF selected 298 miRNAs (importance 
≥ 0.00039), RFE selected 150, Boruta selected 530, and LDA selected 352 
miRNAs (90% cumulative importance).  

Next, to evaluate classification performance, 25 ML models were trained using 
five algorithms (RF, AdaBoost, XGBoost, LightGBM, and a voting ensemble) 
across five feature sets (597 full miRNAs and from RFE, RF, Boruta, and LDA). 
The RF model consistently achieved the highest performance, with an average 
accuracy of 99.18%, though its recall and F1-score were lower (50–80%) for the 
BLCA-NT class. The AdaBoost model had an average accuracy of 98.93%, with 
its best performance using the Boruta feature set (530 miRNAs, accuracy = 
99.16%). XGBoost reached 98.80% average accuracy, performing best with the 
RF-selected miRNAs (298 features, accuracy = 99.02%). LightGBM achieved 
98.98% accuracy, with better results using RF, RFE, and LDA feature sets 
compared to the full 597 or Boruta sets, although it showed lower recall for 
BLCA-NT and LUAD-NT. 

Certain cancer classes (e.g., BLCA-NT, LUAD-NT, and STAD-NT) had lower 
recall (<80%) in models using the full or Boruta feature sets. In contrast, the RFE 
feature set showed stronger performance across multiple cancer types, including 
BRCA, ESCA, HNSC, KICH, KIRC, KIRP, and UCEC. The RF feature set per-
formed best for LIHC-NT, while the LDA feature set excelled for LUAD, STAD, 
and UCEC. 

Combining the four models, the voting classifier achieved an average accu-
racy of 99.03%, with the RFE feature set (150 miRNAs) performing best overall, 
delivering 99% accuracy with both macro and weighted averages. Confusion 
matrices (Figure 10A) show true predictions per class, and t-SNE plots (Figure 
10B) illustrate class separability using RFE-reduced feature sets.  

Additionally, LightGBM models trained on interacting mRNAs and lncRNAs 
achieved high overall accuracies (98–99%) across 14 cancer types. However, per-
formance declined for specific normal tissue classes. mRNA-based models 
showed reduced sensitivity and F1-scores (<80%) for BLCA-NT, HNSC-NT, 
LUAD-NT, PRAD-NT, STAD-NT, and UCEC-NT. Similarly, lncRNA-based 
models exhibited lower precision, recall, and F1-scores for BLCA-NT, PRAD-
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NT, STAD-NT, UCEC-NT, and KICH-NT. In contrast, miRNA-based models 
outperformed both mRNA and lncRNA models in classifying these normal 
samples. 

 
Figure 10: Confusion matrix and t-SNE projections illustrating model performance and 
class separability. (A) Confusion matrix of the ensemble model using the RFE-selected 
150 miRNA features. (B) t-SNE projection based on the RFE feature set (150 miRNAs), 
highlighting improved class separability. Reproduced with permission from Lawarde et 
al., 2025, Frontiers in Bioinformatics, licensed under the Creative Commons Attribution 
4.0 International License. 
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5.2.2. Feature importance and survival analysis and  
in silico validations 

Feature importance analysis identified key miRNAs contributing to model per-
formance across RF, AdaBoost, XGBoost, and LightGBM (Figure 11). Common 
top-ranked miRNAs, such as miR-520d-5p, miR-892c-3p, miR-105-3p, miR-
204-5p, miR-10b-5p, miR-139-5p, and miR-93-5p, were consistently important 
across models, suggesting roles in cancer regulation. 

 
Figure 11: Bar plots showing the top miRNA features identified by different ML models 
and feature sets. (A) Feature importance from the Random Forest model using the RF-
selected feature set. (B) Feature importance from the AdaBoost model using the Boruta-
selected features. (C) Feature importance from the XGBoost model using the RF-selected 
features. (D) Feature importance from the LightGBM model using the RFE-selected 
features. (E) Feature importance from the LightGBM model using the RF-selected 
features. (F) Feature importance from the LightGBM model using the LDA-selected 
features. Reproduced with permission from Lawarde et al., 2025, Frontiers in Bio-
informatics, licensed under the Creative Commons Attribution 4.0 International License. 
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Survival analysis confirmed the prognostic value of these miRNAs. For example, 
high miR-204-5p levels were associated with better survival in BRCA, while low 
miR-105-5p expression predicted poor outcomes. In UCEC, elevated miR-93-5p 
and miR-1301-3p levels were linked to reduced survival. In KIRC, high miR-
10b-5p and miR-139-5p levels were favorable, whereas miR-21-5p indicated 
poor prognosis. In LIHC, miR-139-5p was strongly associated with improved 
survival (Lawarde et al., 2025).  

To assess the biological and clinical relevance of the identified miRNAs, 
literature validation and external compendium analyses were conducted. A total 
of 159 predictive miRNAs identified in this study overlapped with literature-
reported cancer miRNAs, of which 126 were found in EVs. Additionally, 202 
miRNAs matched entries in the CMC, and 63 miRNAs were common across the 
597 interacting miRNAs, literature compendium, EV miRNAs, and CMC, high-
lighting their relevance in cancer. 

Well-known miRNAs such as miR-106a, miR-125, miR-200, miR-21, and 
miR-155 were associated with tumor growth, metastasis, angiogenesis, and drug 
resistance across multiple cancers. Several identified miRNAs (e.g., miR-31-5p, 
miR-222-3p) are linked to chemotherapy resistance, while others (e.g., miR-503) 
enhance drug sensitivity. 

Clinical trial data showed that many of these miRNAs are being investigated 
for cancer therapy. Drug-target associations revealed 256 miRNAs linked to 
therapy resistance and 18 to sensitivity. 

To further elucidate the functional roles of these miRNAs, GO and KEGG 
pathway enrichment analyses were performed on validated miRNA targets. GO 
and KEGG analyses of validated miRNA targets revealed enrichment in key 
cancer-related processes, such as cell adhesion, DNA replication, and T-cell 
differentiation (Lawarde et al., 2025). Pathways enriched in the 597 interacting 
miRNAs, the 150 RFE-selected features, and the 63 common miRNAs included 
cellular senescence, Hippo, MAPK, FoxO, and TNF signaling, along with HPV 
infection pathways (Figure 12). These results underscore the regulatory role of 
miRNAs in cancer biology. 
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Figure 12: Visualization of enrichment analysis. Dot plot depicting KEGG pathway 
enrichment analysis. The color bar indicates the range of adjusted p-values, while the size 
of each dot corresponds to the number of genes associated with each identified term. 
Adapted with permission from Lawarde et al., 2025, Frontiers in Bioinformatics, licensed 
under the Creative Commons Attribution 4.0 International License. 

5.3. Study III 

5.3.1. Single-cell transcriptome analysis: Identification of 
endometrial cell types 

This study analyzed four matched pairs of EuE and EcE tissue samples from 
endometrioma patients using 10x Genomics single-cell RNA sequencing. Of the 
16,924 total sequenced cells, 14,817 passed quality control and doublet removal 
for downstream analysis. 

Cluster annotation was performed using differential gene expression analysis 
based on stringent criteria: log₂ fold change > 1, adjusted p-value < 0.05, with 
gene expression detected in ≥70% of cells within the target cluster (Pct.1 ≥ 0.7) 
and ≤30% in all other clusters (Pct.2 ≤ 0.3). Using these thresholds, cells were 
initially grouped into 16 clusters based on expression of cell-type-specific marker 
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genes (Figure 13A). These were subsequently consolidated into nine major cell 
populations: stromal, endothelial, perivascular, immune, epithelial, cycling 
stromal cells, macrophages, B cells, and an unclassified group. UMAP visualiza-
tion demonstrated consistent clustering patterns between EuE and EcE samples 
(Figure 13B). Cycling stromal cells, representing a subset of fibroblasts, showed 
high expression of cell cycle-associated genes, while the unclassified cluster 
lacked expression of established lineage markers. 

Using external data (GSE214411), the same nine clusters were confirmed in 
EuE samples from women with endometriosis (n = 3) and from controls without 
endometriosis (n = 3). EuE samples had significantly higher proportions of 
stromal, epithelial, and cycling stromal cells, whereas EcE samples were enriched 
in perivascular, endothelial, immune, macrophage, B cell, and unclassified popu-
lations (p < 0.05, Fisher’s exact test). Stromal, perivascular, endothelial, and 
immune cells were the predominant populations in both EuE and EcE. 

To explore molecular differences, pseudo-bulk differential expression analysis 
using DESeq2 was performed across eight major cell types. Stromal, peri-
vascular, and cycling stromal cells displayed the most significant transcriptional 
alterations, including upregulation of extracellular matrix regulators (FGL2, 
PTGIS, VCAN), signaling genes (THRB, SKAP2, IRAK3), and proliferation-
associated transcripts (ADAMTSL4-AS1, MOB3B). Endothelial cells showed 
changes in angiogenesis and transport-related genes (CXCL12, SLC16A8). 
Immune and macrophage populations showed differential regulation of immune-
modulatory genes (GNLY, IFGR2, MRC2, TNFAIP3), while epithelial and B 
cells showed moderate differences, including genes related to epithelial integrity 
(CDH6, KRT7) and B cell signaling (IGHV3-11, MMP11). 

Among the top differentially expressed genes in EcE, several were associated 
with pathways implicated in endometriosis and proliferative diseases. Peri-
vascular cells showed downregulation of PAMR1, ADAM12, MEG8, DIO2, and 
VCAN, and upregulation of anti-apoptotic gene NTRK2. SKAP2 was up-
regulated in both perivascular and endothelial cells. Stromal cells showed over-
expression of genes linked to tumorigenesis and growth, such as ADIRF, CLU, 
FAM13C, NGF, PRELP, RERG, PTGIS, and GPC3. AQP1 was upregulated in 
both stromal and endothelial populations. 

Gene ontology analysis indicated enrichment for cell cycle, adhesion, actin, 
and integrin-binding processes in perivascular cells. Stromal cells were enriched 
for cell junction assembly, connective tissue development, transcription regula-
tion, and macromolecule binding. Endothelial cells showed enrichment for extra-
cellular matrix organization and branching morphogenesis. KEGG pathway ana-
lysis revealed significant enrichment in pathways associated with cell-extra-
cellular matrix interaction, cell cycle control, PI3K-Akt signaling, focal adhesion, 
AMPK signaling, Hippo signaling, and ribosome function, all critical for regu-
lating proliferation, migration, apoptosis, angiogenesis, and cell survival. 
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Figure 13: Bubble plot depicting the expression patterns of cell marker genes. (A) 
Expression of cell marker genes across 16 cell types. (B) UMAP plot of cell cluster 
showing 16 cell types. Adapted with permission from Sarsenova et al., 2024, Commu-
nications Biology, licensed under the Creative Commons Attribution 4.0 International 
License. 
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5.3.2. Metabolic pathway alterations in endometriosis 

To assess metabolic differences between EuE and EcE, gene expression changes 
were analyzed across 12 metabolic pathways, including regulatory (AMPK, HIF-
1) and core metabolic pathways (e.g., glycolysis, TCA cycle, FA metabolism, 
glutathione metabolism). Differential expression analysis revealed that peri-
vascular, stromal, and endothelial cells exhibited the highest number of metabolic 
DEGs in EcE, whereas immune, epithelial, cycling stromal, macrophage, and B 
cells showed minimal alterations. 

Pathway-specific enrichment indicated that perivascular cells were enriched 
for DEGs in FA elongation, degradation, and the pentose phosphate pathway. 
Stromal cells showed enrichment in AMPK signaling, pyruvate, and glutathione 
metabolism, while endothelial cells were altered in glutathione metabolism, HIF-
1 signaling, and amino acid pathways. 

SCPA method ranked HIF-1 and AMPK signaling as the most significantly 
altered pathways across all cell types (Q = 6.2 and 6.0, respectively) (Figure 
14A). Perivascular, stromal, and endothelial cells showed the highest pathway-
level divergence, particularly in energy metabolism pathways, whereas other cell 
types displayed minimal reprogramming. 

GSVA applied to these three cell types confirmed consistent metabolic activity 
patterns across patients (Figure 14B). TF activity analysis identified BRCA1 as 
highly active in EcE perivascular cells and in endothelial cells of both EuE and 
EcE. Other regulators (e.g., ATF1, MECOM, EZH2, NR2F2) showed condition- 
and cell-type-specific activation patterns, suggesting coordinated transcriptional 
control of metabolic reprogramming. 

Together, these results indicate pronounced metabolic alterations in vascular 
and stromal compartments of EcE, with HIF-1 and AMPK signaling as key regu-
latory pathways. Validation using an external dataset (GSE214411) showed no 
significant metabolic differences between EuE from women with and without 
endometriosis, supporting the specificity of these changes to the ectopic environ-
ment. 
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Figure 14: Cell type-specific metabolic pathway alterations in EcE versus EuE. (A) 
Ranking of metabolic pathways based on pathway-level differences between EcE and 
EuE across all cell types using single-cell pathway analysis (SCPA). Q-values represent 
the degree of differential activity, with HIF-1 signaling and AMPK signaling pathways 
showing the highest divergence. (B) Heatmap illustrates pathway activity patterns across 
individual patients within the three most affected cell types (perivascular, stromal, and 
endothelial) using GSVA. Pathway activation is consistent across patients. Adapted with 
permission from Sarsenova et al., 2024, Communications Biology, licensed under the 
Creative Commons Attribution 4.0 International License. 



76 

5.4. Study IV 

5.4.1. Gene expression dynamics of endometrial receptivity 
across menstrual cycle phases 

Gene expression profiling was conducted on paired endometrial and endometrio-
ma samples across four menstrual cycle phases: proliferative (n = 7), early 
secretory (n = 10), mid-secretory (n = 8), and late-secretory (n = 6). Based on the 
expression of 57 receptivity genes, endometrial samples clustered distinctly into 
two main groups – proliferative/early-secretory and mid-/late-secretory phases – 
reflecting phase-specific expression patterns. However, adjacent phases showed 
partial overlap due to similar molecular profiles. In contrast, endometrioma 
samples formed a separate cluster, independent of menstrual cycle phase, 
indicating disrupted cyclical regulation. Notably, three endometriomas from 
different phases were grouped with mid-/late-secretory endometrial samples 
(Figure 15A). 

When comparing endometriomas to matched endometrial tissues, 21, 16, 33, 
and 23 differentially expressed genes (DEGs) were identified for the proliferative, 
early-, mid-, and late-secretory phases, respectively. CD55 was the only gene 
consistently differentially expressed across all four comparisons (Figure 15B). 
Among endometriomas, only PAEP showed phase-dependent differential expres-
sion (ANOVA, P = 0.04). In endometrial samples, 33 of 57 genes varied signi-
ficantly across cycle phases (P < 0.01–0.05) (Figure 15C).  

Results were consistent using a refined panel of 52 validated meta-genes: 
endometriomas showed no phase-specific gene expression, while endometrial 
samples continued to segregate by menstrual phase. Of these 52 genes, 26 were 
differentially expressed in endometrial phase comparisons, and the DEG counts 
in lesion vs. endometrium comparisons mirrored previous findings (20–31 genes 
per phase). These results highlight a distinct and dysregulated gene expression 
profile in endometriomas compared to eutopic endometrium. 

To assess differential expression of receptivity genes between FACS-isolated 
stromal cells from proliferative-phase eutopic endometrium and endometriomas, 
expression data for 57 genes were extracted from prior mRNA-seq data (Rekker 
et al., 2017). Analysis of the stromal cell transcriptomes identified 22 out of 57 
genes (excluding DDX52, which was absent from the stromal sequencing dataset) 
as significantly differentially expressed (FDR < 0.05) between proliferative-
phase eutopic and ectopic stromal cells. Among these, EDN3, CRABP2, DKK1, 
SFRP4, OLFM1, ENPEP, IL15, DYNLT3 showed higher expression and 
NDRG1, CD55, APOD, EFNA1, G0S2, TSPAN8, C10orf10, PRUNE2, NNMT, 
AOX1, GPX3 showed lower expression in eutopic stromal cells. Comparison of 
this DEG set with the differentially expressed genes identified from proliferative-
phase eutopic versus ectopic whole-tissue samples revealed an overlap of genes, 
CRABP2, G0S2, AOX1, CD55, EDNRB, NNMT, and SFRP4, likely reflecting 
the greater cellular heterogeneity present in whole-tissue biopsies. 
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Figure 15: Menstrual Cycle Phase-Specific 57 gene panel expression in matched 
endometrium and endometrioma samples. (A) UMAP plot showing clustering of samples 
by menstrual cycle phase and tissue type. Each point represents a sample, with shape 
indicating tissue type (circle: endometrium, triangle: lesion) and color representing men-
strual cycle phase (P: proliferative, ES: early-secretory, MS: mid-secretory, LS: late-
secretory). Colored ellipses indicate phase-specific groupings. (B) Bar plots of fold 
change (FC) in gene expression for significantly regulated genes (adjusted p < 0.05) 
across four menstrual cycle phases: early-secretory, late-secretory, mid-secretory, and 
proliferative. Genes are shown along the y-axis and fold changes on the x-axis; positive 
values (red) indicate upregulation and negative values (green) indicate downregulation. 
Red dot for gene CD55 is added. (C) Heatmap displaying fold changes of differentially 
expressed genes using ANOVA test between all pairwise comparisons of menstrual cycle 
phases (e.g., ES vs. P, MS vs. ES, etc.). Rows represent genes and columns represent 
comparisons. Color scale indicates fold change direction and magnitude (blue: 
downregulation, red: upregulation). Hierarchical clustering groups genes with similar 
expression patterns. Adapted from Saare, M. et al. 2022 
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6. DISCUSSION 

6.1. Development and utility of ExplORRNet (Study I) 
This study presents the development of ExplORRNet, a user-friendly web-based 
platform designed to facilitate the exploration of miRNA expression profiles and 
their interactions with mRNAs and lncRNAs in gynecological and breast cancers. 
A major strength of ExplORRNet is its stage-wise exploration feature, enabling 
users to identify stage-specific biomarker candidates without requiring pro-
gramming expertise. 

The platform integrates multiple analytical modules that support comprehen-
sive investigations into the molecular landscape of cancer. The differential ex-
pression module enables the identification of significantly upregulated or down-
regulated miRNAs, mRNAs, and lncRNAs across different stages of gyneco-
logical and breast cancers. This information is crucial for elucidating the stage-
specific molecular alterations associated with cancer progression and for the 
discovery of potential biomarkers for early detection and prognosis. 

To enhance biological interpretation, ExplORRNet incorporates functional 
enrichment analysis. This feature allows users to assess enriched gene ontology 
(GO) terms and signaling pathways influenced by dysregulated miRNAs, thus 
shedding light on the biological processes and molecular mechanisms driving 
tumor development and progression. Such insights may support the rational design 
of targeted or combinatorial therapeutic strategies that exploit these molecular 
vulnerabilities. 

The miRNA–mRNA–lncRNA network module provides a visual representa-
tion of regulatory interactions, allowing users to examine the complex interplay 
between different RNA species. This module facilitates the identification of central 
regulatory hubs – key miRNAs or lncRNAs – and their downstream targets, there-
by helping researchers prioritize candidate biomarkers or therapeutic targets for 
in-depth investigation. 

Additionally, ExplORRNet incorporates survival analysis tools, including 
Kaplan–Meier survival curves and forest plots, to evaluate associations between 
gene expression and clinical outcomes. This functionality enables the stratifica-
tion of patients based on expression levels and the identification of RNAs linked 
to favorable or poor prognosis, potentially informing personalized medicine 
approaches and prognostic biomarker development. 

Example case studies using ExplORRNet have demonstrated its utility in 
identifying and comparing candidate biomarkers across gynecological cancers, 
particularly highlighting the role of c-miRNAs as promising noninvasive bio-
markers. 

However, several limitations should be acknowledged. First, the study relied 
exclusively on publicly available datasets, which limited the number of samples 
for selected cancer types. Sample availability may vary over time due to updates 
in public repositories. Second, while stage-wise analysis was implemented, mole-
cular subtype-level analysis was not performed due to insufficient data avail-
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ability. Third, from a technical perspective, network generation on the web inter-
face may be time-consuming (>1 minute) when handling large gene sets. 

Finally, although substantial evidence supports the role of miRNAs in cancer 
diagnosis and prognosis from both tissue and cell-free samples (Condrat et al., 
2020), their routine clinical application remains limited. Challenges include 
cancer-type-specific differences in miRNA regulation, variability in circulating 
miRNA levels, and influences from clinical and demographic heterogeneity 
among patients (Condrat et al., 2020). Therefore, further clinical validation of the 
identified miRNAs and target genes is essential to establish their translational 
relevance as diagnostic and prognostic biomarkers. 

6.2. Ensemble ML for TOO in pan-cancer classification 
(Study II) 

This study aimed to identify a minimal yet robust set of miRNA biomarkers for 
accurately classifying the tissue of origin (TOO) across 14 primary cancer types, 
while accounting for miRNA-mRNA-lncRNA co-expression networks. Unlike 
sequence-based interaction methods, we employed correlation-based approaches 
using TCGA datasets to infer biologically meaningful regulatory relationships, 
capturing functional interactions involved in cancer progression (L. Yang et al., 
2022; X. Zheng et al., 2020). This strategy enabled the integration of multi-
layered RNA interactions to derive biologically relevant miRNA signatures for 
early cancer detection. 

Using an ensemble learning framework comprising Random Forest, AdaBoost, 
XGBoost, and LightGBM, we achieved a high classification accuracy of 99% for 
14 distinct cancer types. Visualization using t-SNE confirmed effective sample 
clustering by tissue types (Figure 10). However, model performance varied across 
cancer types, STAD showed lower accuracy due to its molecular heterogeneity 
(Cao et al., 2022), whereas BRCA and lung cancers such as LUSC demonstrated 
consistent performance, owing to well-characterized molecular profiles (Ham-
merman et al., 2012; Koboldt et al., 2012; Thennavan et al., 2021). These findings 
underscore the importance of cancer-specific optimization for improving TOO 
classification, especially in heterogeneous cancers. 

Comparative analyses with prior studies revealed that although high accu-
racies were achieved e.g., (Lopez-Rincon et al., 2020; J. Matsuzaki et al., 2023; 
Raghu et al., 2024; Tang et al., 2018). Many lacked either comprehensive vali-
dation or relied solely on single omics layers. Our approach advances the field by 
integrating co-expression networks, survival markers, drug sensitivity analysis, 
and clinical relevance. This comprehensive framework improves biological inter-
pretability and translational utility for diagnostic and therapeutic applications. 

AI-based feature selection identified key miRNAs such as miR-21-5p, miR-
93-5p, and miR-10b-5p (C. Pan et al., 2021; Qian et al., 2024; T. Yan et al., 2021), 
implicated in immune modulation, EMT, angiogenesis, and chemoresistance 
(Pavlíková et al., 2022). These miRNAs also overlapped with validated drug–
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target interactions (Seyhan, 2024; Si et al., 2019), indicating roles in therapy 
resistance and patient-specific treatment responses. GO and KEGG enrichment 
revealed associations with both physiological processes (e.g., organ development, 
DNA replication) and cancer-related mechanisms (e.g., T-cell differentiation), 
including HPV-associated pathways in gynecological cancers (Andrés-León et 
al., 2017; Xing et al., 2016). These findings align with known cancer pathways, 
reinforcing the biological relevance of selected miRNAs. 

Top-ranked miRNAs (Figure 11) were also associated with patient prognosis 
and were part of ongoing clinical trials (Kim & Croce, 2023; Seyhan, 2024). For 
instance, miR-21-5p influences immune infiltration and prognosis in KIRC 
(Jenike & Halushka, 2021; Rhim et al., 2022; J. Wang et al., 2022), miR-93-5p 
enhances apoptosis in breast cancer (C. Pan et al., 2021) and promotes progres-
sion in bladder and esophageal cancers (J.-B. Xu, 2019; Yuan et al., 2023), and 
miR-204-5p targets BCL2 in prostate cancer (Y. C. Lin et al., 2017) and serves as 
a diagnostic marker in endometrial cancer (C. Wu et al., 2022). Others, like miR-
10b-5p and miR-1301-3p, are therapeutic candidates in various cancers (Luo et 
al., 2021; Qiao et al., 2021; T. Yan et al., 2021). These results support their dual 
potential as diagnostic and therapeutic targets across cancer types. 

The major strengths of this study include its broad cancer type coverage, large 
sample size from TCGA, use of biologically informed multi-modal validation, 
and identification of miRNAs with strong diagnostic relevance. The integration 
of ML models with biological network context and drug associations enhances 
translational applicability. 

Nevertheless, some limitations remain. The reliance on TCGA primary tumor 
data excludes metastasis and subtype-level insights. Experimental validation of 
complex miRNA networks was not performed, and the heterogeneity of solid 
tissue samples limits clinical applicability. Future work should incorporate liquid 
biopsies, multiple clinical cohorts, and multi-omics data to enhance the robust-
ness and clinical relevance of these findings. 

6.3. Bioinformatic dissection of cell-type-specific  
metabolic reprogramming in endometriosis  

using scRNA-Seq (Study III) 
In this study, we employed scRNA-seq to investigate the transcriptomic altera-
tions in paired EuE and EcE tissues from women with endometriosis, focusing 
on cellular metabolism. Our analysis centered on perivascular, stromal, and endo-
thelial cells, key components of the endometrial microenvironment involved in 
angiogenesis and tissue remodeling. 

Using a pseudobulk-based differential expression approach and SCPA ana-
lysis, we identified distinct metabolic reprogramming in EcE, characterized by 
coordinated activation of glycolysis and OXPHOS pathways, particularly in peri-
vascular cells. This included upregulation of glucose transporters (e.g., GLUT4), 
glycolytic enzymes (e.g., LDHA, PFKP), TCA cycle genes, and fatty acid 
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oxidation regulators, suggesting a hybrid metabolic phenotype akin to the War-
burg effect. Notably, HIF-1 and AMPK signaling pathways were implicated in 
modulating this metabolic switch, consistent with findings in cancer models 
(Vander Heiden et al., 2009; M.-H. Wu et al., 2019; Yu et al., 2017). The GSVA 
and sample-wise UMAP plots confirmed consistent pathway activity patterns 
across biological replicates, reinforcing the robustness of our findings despite the 
limited sample size. 

The use of paired samples minimized interindividual variability, while external 
validation using publicly available datasets confirmed that metabolic activity in 
EuE from women with endometriosis did not differ significantly from healthy 
controls. While the study lacked functional validation, previous transcriptome-
to-metabolome correlation studies in cancer support the predictive power of 
transcriptomic data for metabolic states (X. Peng et al., 2018). 

In summary, our bioinformatics analysis revealed cell-type-specific metabolic 
reprogramming in EcE, particularly in perivascular cells, highlighting their 
potential role in the pathogenesis of endometriosis. These findings provide a 
foundation for future functional studies  

6.4. Endometriomas exhibit distinct gene expression 
independent of menstrual cycle phases (Study IV) 

This study investigated the expression of 57 endometrial receptivity-associated 
genes in paired eutopic endometrium and endometriomas from the same indi-
viduals, revealing a lack of molecular menstrual cycle synchronicity between the 
two tissues. Unlike eutopic endometrium, which showed clear phase-specific 
clustering, endometrioma samples lacked cyclical gene expression patterns, sup-
porting earlier histological observations of menstrual asynchrony in peritoneal 
lesions (Colgrave et al., 2020). 

The endometrium undergoes tightly regulated hormonal and molecular changes 
during the menstrual cycle, whereas endometriomas are exposed to a distinct 
pelvic environment with altered hormone and cytokine levels (Kusunoki et al., 
2021; Scheenjes et al., 1991). This distinct microenvironment likely contributes 
to progesterone resistance and estrogen dominance in lesions, disrupting normal 
endometrial gene regulation (Attia et al., 2000; Bedaiwy et al., 2015; Bulun et al., 
2012; L. Ma et al., 2021). The absence of menstrual cycle-dependent expression 
in endometrioma, especially during the mid-secretory phase, highlights their 
unique transcriptomic identity and suggests that endometrioma should not be 
treated as functionally cycling tissue. 

Furthermore, the presence of blood in endometriomas, traditionally attributed 
to cyclic bleeding, may instead result from inflammatory or vascular processes 
unrelated to the menstrual cycle (Colgrave et al., 2021). Our findings align with 
prior FACS-based transcriptomic studies (Rekker et al., 2017), emphasizing the 
influence of cellular composition and lesion microenvironment on gene ex-
pression. 
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Although this study focused solely on endometriomas, similar asynchronous 
expression patterns are expected in peritoneal lesions based on histological stu-
dies (Colgrave et al., 2020). In conclusion, endometriotic lesions exhibit a distinct 
molecular profile independent of the menstrual cycle, suggesting that they should 
be considered separate entities from eutopic endometrium in biomarker discovery 
and therapeutic research (Colgrave et al., 2021). 
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7. CONCLUSION 

This thesis presents an integrative exploration of miRNA expression profiles and 
their interaction networks for gynecological cancers, along with metabolic repro-
gramming and gene expression analysis in endometriosis. Leveraging gene 
expression datasets (miRNA, mRNA, and lncRNA) along with clinical data for 
cancer classification, and transcriptomic analysis for endometriosis, the studies 
aimed to unravel molecular signatures critical for TOO classification and endo-
metriosis pathophysiology. 

The development of the ExplORRNet interactive tool (Study I) enabled stage-
wise exploration of miRNA, mRNA, and lncRNA expression profiles across 
breast and gynecological cancers. By mapping regulatory interactions and con-
ducting functional enrichment analysis, ExplORRNet facilitated the identifica-
tion of stage-specific miRNA biomarkers, advancing the understanding of cancer 
progression and enhancing the discovery of therapeutic targets. This tool not only 
streamlined biomarker discovery but also provided a platform for real-time hypo-
thesis testing and exploration of cancer-related non-coding RNA networks, signi-
ficantly contributing to the field of precision oncology. 

The classification of tumor TOO using miRNA-mRNA-lncRNA interaction 
networks demonstrated exceptional accuracy (99%) across 14 cancer types 
(Study II). The integration of ML models with RFE, RF, Boruta, and LDA iden-
tified a minimal yet robust subset of miRNAs with high discriminatory power. 
Importantly, the study underscored the translational potential of miRNA bio-
markers for diagnostic applications and liquid biopsies, offering a non-invasive 
strategy for precise cancer detection. 

The scRNA-Seq analysis revealed metabolic reprogramming in EcE vs EuE 
(Study III). This study used a bioinformatics workflow for analyzing the single-
cell transcriptomic landscape of paired EuE and EcE samples. The pipeline inte-
grated quality control, clustering, differential expression analysis, and pathway 
enrichment, showing metabolic alterations in stromal, perivascular, and endo-
thelial cells. Enhanced glycolysis, oxidative phosphorylation, and HIF-1 signal-
ing were observed, supporting endometriotic tissue persistence under hypoxic 
conditions. The results provide insights on cellular metabolism in endometriosis, 
indicating potential non-hormonal treatment targets that could interfere with 
metabolic pathways in endometriotic cells while sparing normal tissue un-
affected. 

Furthermore, the analysis of endometrial receptivity genes revealed a lack of 
synchronicity between eutopic endometrium and matched endometriomas (Study 
IV). Contrary to the traditional view that endometriotic lesions mirror the 
menstrual cycle phases of eutopic endometrium, the study demonstrated distinct 
gene expression profiles in endometriomas. This finding suggests that endo-
metriomas function as independent tissue entities, challenging current therapeutic 
approaches and highlighting the need for lesion-specific diagnostic and treatment 
strategies. 
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Overall, this thesis demonstrates the power of integrating high-throughput 
gene expression profiling with ML, single-cell transcriptomics, and advanced 
bioinformatics workflows to unravel the molecular complexity of cancer and 
endometriosis.  
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SUMMARY IN ESTONIAN 

Integratiivsed oomika meetodid endomeetriumi patoloogiate 
analüüsimiseks ja kasvajate klassifitseerimiseks 

MikroRNA-d (miRNA-d) on olulised geeniekspressiooni regulaatorid, mis mõju-
tavad peamisi bioloogilisi protsesse kasvajate arengus, sealhulgas günekoloogi-
listes pahaloomulistes kasvajates nagu munasarja-, emakakaela- ja endomeetriu-
mi vähk. Toimides nii onkogeenide kui ka tuumori-supressoritena, reguleerivad 
miRNA-d vähi tekkega seotud bioloogilisi radu, sealhulgas rakkude proliferat-
siooni, apoptoosi, metastaseerumist ja angiogeneesi (Hanahan & Weinberg, 
2011). Häiritud miRNA ekspressioon seostatakse sageli haiguse hilisemate staa-
diumitega ja kehvemate ravitulemustega, muutes need potentsiaalseteks bio-
markeriteks haiguse varajaseks avastamiseks ja jälgimiseks. 

miRNA-de funktsiooni vähis mõjutavad kromosomaalsed muutused, trans-
kriptsiooni ja epigeneetiline regulatsioon ning biogeneesi radade häired (S. Lin 
& Gregory, 2015; Y. Peng & Croce, 2016). Samal ajal iseloomustab endometrioo-
si emaka limaskestale sarnaneva koe esinemine väljaspool emakat. See haigus 
mõjutab ligikaudu 10% reproduktiivses eas naistest, põhjustades kroonilist valu, 
viljatust ja suurenenud riski munasarjavähi tekkeks (Becker et al., 2017; Zonder-
van et al., 2020). Kõrgenenud vähiriski soodustavad nii krooniline põletik, östro-
geeni signaaliraja muutused kui ka geneetilised mutatsioonid (Zondervan et al., 
2020). Lisaks põhjustab endometrioosikoldes esinev Warburgi efektile sarnane 
metaboolne ümberprogrammeerimine glükolüüsi suurenemist, et toetada rakkude 
ellujäämist hüpoksilises keskkonnas (Kasvandik et al., 2016; Kobayashi et al., 
2021). Uued mittehormonaalsed ravimeetodid on suunatud nendele metaboolse-
tele muutustele, et takistada haiguse progresseerumist (Bahrami et al., 2021; 
McKinnon et al., 2014). Lisaks on üksikraku RNA sekveneerimine (scRNA-Seq) 
näidanud strooma ja epiteelirakkude heterogeensust, mis soodustab kollete 
püsimist (Fonseca et al., 2023). Endometrioosiga seotud menstruaaltsüklihäired 
võivad mõjutada ka endomeetriumi retseptiivsust, takistades embrüo implantee-
rumist (Poli-Neto et al., 2020; Prašnikar et al., 2020). 

Kokkuvõttes mängivad miRNA-d olulist rolli vähi arengus ja günekoloo-
gilistes haigustes, jagades molekulaarseid mehhanisme endometrioosiga, seal-
hulgas metaboolseid muutusi ja rakkude kohanemisega seotud protsesse. Mul-
tioomika ja üksikraku tehnoloogiate kombineerimine koos integreeritud bioinfor-
maatiliste meetoditega võib oluliselt parandada nende haiguste diagnostikat ja 
ravi. 
 
Uuringu eesmärgid: 
Antud doktoritöö põhieesmärk on rakendada multioomika andmeid, masinõpet ja 
integreeritud bioinformaatikat, et tõhustada diagnostilist täpsust ja paljastada 
molekulaarseid mehhanisme erinevate reproduktiivsüsteemi haiguste – seal-
hulgas günekoloogiliste kasvajate, rinnavähi ja endometrioosi korral.  

Spetsiifilised eesmärgid on: 
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1. Arendada interaktiivne veebipõhine platvorm, mis võimaldab analüüsida 
kasvajate staadiumispetsiifilisi miRNA-, mRNA- ja lncRNA-ekspressiooni-
profiile günekoloogilistes vähkides ja rinnavähis ning avastada uusi bio-
markereid. 

2. Rakendada ansambelõppe meetodeid koos kudede RNA-võrgustikega kasva-
jate päritolu klassifitseerimiseks erinevates onkoloogilistes andmestikes. 

3. Tuvastada rakutüübi spetsiifilised metaboolsed muutused endometrioosis, 
kasutades scRNA-Seq meetodit ning tuua esile potentsiaalsed ravisihtmärgid. 

4. Uurida endometrioomide koe geeniekspressiooni menstruaaltsükli eri faasi-
des, et kirjeldada nende molekulaarseid omadusi ja hinnata sünkroonsust 
eutoopilise endomeetriumi transkriptoomi ekspressiooni mustritega, rikasta-
maks diagnostilisi võimalusi.  

 
Materjalid, meetodid ja tulemused: 
Uuring I: Endomeetriumi kartsinoomi (EK), emaka kartsinosarkoomi, emaka-
kaela lamerakk-kartsinoomi, munasarjade seroosse tsüstadenokartsinoomi (MA) 
ja rinnavähi (RV) geeniekspressiooni andmestikud saadi TCGA andmebaasist, 
kokku 2,504 koeproovi (2,353 kasvajat ja 151 normaalse koe proovi). Lisaks 
koguti endomeetriumi, munasarja, emakakaela ja rinnavähi c-miRNA-de ja raku-
liinide miRNA-de ekspressiooniprofiilide andmestikud, kokku 1,710 proovi. 
Andmeanalüüsiks kasutati järgnevaid R tarkvarapakette: TCGAbiolinks andmete 
allalaadimiseks, biomaRt annotatsiooniks ja edgeR normaliseerimiseks. Geeni-
ekspressiooni muutusi analüüsiti üldistatud lineaarsete mudelitega ning miRNA–
mRNA–lncRNA võrgustikud konstrueeriti Pearsoni korrelatsiooni abil ja visuali-
seeriti igraph ja visNetwork pakettidega. Elulemusanalüüsid teostati Kaplan-Meieri 
ja Coxi proportsionaalsete riskide mudelitega ning funktsionaalne rikastamisana-
lüüs viidi läbi clusterProfiler-iga. 

Interaktiivne R Shiny-põhine veebiplatvorm ExplORRNet võimaldas uuri- 
da geeniekspressiooniprofiile (miRNA/mRNA/lncRNA), tuvastades kasvajate 
staadium-spetsiifilisi miRNA biomarkereid günekoloogilistes kasvajates ja rinna-
vähi korral. Geeniekspressiooni muutused ja juhtumianalüüsid kinnitasid plat-
vormi tõhusust, tuvastades võtme-miRNA-d, mis on seotud elulemuse ja vähi 
progresseerumisega. Näiteks olid EK hilises staadiumis hsa-mir-497-5p/3p ja 
hsa-miR-23b-3p/5p oluliselt alla-reguleeritud, samas kui MA ja RV vähkides ilm-
nesid staadiumispetsiifilised mustrid. Elulemusanalüüs näitas, et madal hsa-miR-
497-5p ekspressioon oli seotud kehvema elulemusega EK puhul, samas kui hsa-
miR-30a-5p alla-reguleerimine RV-s viitas vähenenud elulemusele. 

 
Uuring II: Pankartsinoomi analüüs 14 vähitüübis hõlmas 6,485 miRNA-seq ja 
6,507 RNA-seq kasvajaproovi ning 640 miRNA-seq ja 660 RNA-seq normaalse 
koe proove. Andmed analüüsiti TCGAbiolinks ja DESeq2 abil. Päritolukoe klassi-
fitseerimiseks rakendati nelja ansambelõppe mudelit: Random forest, AdaBoost, 
XGBoost ja LightGBM, mille täpsus oli ca 99%. Tunnuste valik RFE, Boruta, 
LDA ja Random forest olulisuse abil tuvastas kriitilised miRNA-d, nagu miR-21-
5p, miR-93-5p ja miR-10b-5p, mis on tuntud immuunmodulatsioonis ja angio-
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geneesis osalemisel. Kaplan-Meieri analüüs kinnitas nende prognostilist olulisust 
ning rikastusanalüüs seostas need rakulise vananemise, MAPK, FoxO ja TNF 
signaaliradadega. 
 
Uuring III: Endometrioosiga patsientide endomeetriumi ja endometrioosikollete 
kudedest eraldatud rakkudele rakendati üksikraku RNA sekveneerimist (scRNA-
Seq). Antud uuringu raames töötati välja bioinformaatiline töövoog sekvenee-
rimise andmetest metaboolse ümberprogrammeerimise tuvastamiseks erinevates 
rakutüüpides. Andmete kvaliteedikontroll ja klasterdamine teostati Seurat R-
paketi abil, mis võimaldas defineerida rakupopulatsioonid nii endomeetriumis 
kui endometrioosi kolletes. Geeniekspressioonianalüüs näitas glükolüüsi ja oksü-
datiivse fosforüülimise radade ülesregulatsiooni kolletes, viidates metaboolsele 
ümberprogrammeerimisele. KEGG ja üksikraku rajaanalüüsid tuvastasid HIF-1 
ja AMPK signaaliradade aktiveerimise, ning transkriptsioonifaktorite analüüs 
näitas muutusi metaboolsete geenide regulatsioonis. Need tulemused rõhutavad 
bioinformaatilise lähenemise efektiivsust endometrioosi metaboolsete muutuste 
avastamisel, eriti perivaskulaarsetes ja strooma rakkudes. 
 
Uuring IV: Raske endometrioosiga (haiguse III–IV staadium) naiste endomeetriu-
mi ja munasarja endometrioomide proovidest määrati erinevates menstruaaltsükli 
faasides 57 endomeetriumi retseptiivsuse transkriptoomi markeri ekspressiooni 
tasemed. Geeniekspressiooni analüüs näitas, et erinevalt endomeetriumist ei näita 
endometrioomid menstruaaltsükli-faasidele spetsiifilist geeniekspressiooni must-
rit. Geen CD55 oli düsreguleeritud kõikides võrdlustes, mis viitas selle potent-
siaalile endometrioosi biomarkerina. 
 
Tugevused ja piirangud: 
Uuringute tugevusteks olid ulatuslikud multioomika andmed ja võimsad täna-
päevased andmeanalüüsi vahendid. Peamiste piirangutena tuleb märkida Uuringu 
III väiksemat suurust ning funktsionaalsete valideerimiste puudumist. Lisaks ei 
eristatud Uuringutes I ja II vähi alamtüüpe piisavalt detailsetena, mistõttu võisid 
mõned molekulaarsed erinevused jääda tuvastamata. Uuring IV piirdus üksnes 
munasarja endometrioomide analüüsiga, jättes peritoneaalsed koldeid välja, mis 
oleks võinud anda põhjalikuma ülevaate haiguse heterogeensusest. 
 
Järeldused: 
Käesolev doktoritöö rakendab kaasaegseid bioinformaatilisi meetodeid geeni-
ekspressiooni ja miRNA-andmestike analüüsimiseks, et paljastada molekulaar-
seid mustreid vähi ning endometrioosi patogeneesis. Välja töötatud tööriistad, 
võrgustike modelleerimine ja masinõpe aitasid tuvastada potentsiaalseid mitte-
kodeerivate RNA biomarkereid nii haiguse diagnoosimiseks kui ka patsiendi 
prognoosi hindamiseks. Uuring I tutvustas ExplORRNet-i platvormi, mis võimal-
dab avastada biomarkereid günekoloogiliste kasvajate ja rinnavähi puhul. Uuring 
II demonstreeris miRNA-põhiseid masinõppemudeleid kasvaja koelise päritolu 
täpseks ennustamiseks. Uuring III tõi esile potentsiaalsed metaboolsed muutused 
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endometrioosi kolletes. Uuring IV kirjeldas munasarja endometrioomide ainu-
laadset molekulaarset profiili. Kokkuvõttes rõhutab käesolev doktoritöö bioinfor-
maatika võimalusi biomarkerite avastamisel ning täppismeditsiini arendamisel 
naiste tervise valdkonnas. 
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