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Zusammenfassung 

MicroRNAs  (miRNAs)  sind  zentrale  posttranskriptionelle  Regulatoren  der
Genexpression,  die eng in komplexe regulatorische Netzwerke eingebunden sind.
Durch  die  koordinierte  Regulation  zahlreicher  Zieltranskripte  beeinflussen  sie  die
Aktivität  dieser  Netzwerke  und tragen zur  Kontrolle  zellulärer  Identität  bei.  Trotz
erheblicher  Fortschritte  durch  Hochdurchsatz-Sequenzierung  bleibt  die
rechnergestützte  Analyse  miRNA-vermittelter  Regulation  aufgrund  ihrer  hohen
Komplexität und Kontextabhängigkeit anspruchsvoll.
Diese Dissertation widmet sich zentralen computergestützten Fragestellungen der
miRNA-Forschung  auf  Basis  transkriptomischer  und  genomischer  Daten.  Ein
zentraler  Ansatz  dieser  Arbeit  ist  die  Analyse  von  miRNA-Funktionen  im
regulatorischen und strukturellen Kontext des Transkriptoms. Insbesondere die durch
alternative  Polyadenylierung  (APA)  vermittelte  transkriptomische  Plastizität
verändert  miRNA–Gen-Interaktionen  grundlegend  und  stellt  klassische
Analyseansätze erheblich vor Herausforderungen.
Ein  Schwerpunkt  dieser  Dissertation  liegt  auf  der  Verbesserung  der  Vorhersage
funktioneller  Zielgene.  Durch  die  Integration  vorhergesagter  miRNA–mRNA-
Interaktionen mit transkriptionsfaktorbasierten regulatorischen Netzwerken werden
charakteristische Merkmale funktionell  relevanter  miRNA-Bindestellen identifiziert.
Darauf  aufbauend  wird  in  einem  netzwerkorientierten  Ansatz  untersucht,  wie
transkriptomische  Plastizität  die  miRNA-vermittelte  Regulation  in  Glioblastomen
beeinflusst.  Einzelzellanalysen  zeigen,  dass  zelltypspezifische  APA-Profile  die
Verfügbarkeit  von  miRNA-Bindestellen  steuern  und  miRNA–Transkriptionsfaktor-
Regulationsnetzwerke  abhängig  von  Zellzustand  und  Tumormikromilieu
reorganisieren.  Eine  weitere  methodische  Herausforderung  ist  die  begrenzte
Verfügbarkeit von miRNA-Sequenzierungsdaten in transkriptomischen Datensätzen.
Mithilfe  maschinellen  Lernens  wird  gezeigt,  dass  sich  miRNA-Expressionsmuster
teilweise aus mRNA-Profilen ableiten lassen. Zudem deuten die Analysen darauf hin,
dass vermeintliche Unterschiede in der miRNA-Expression häufig auf Veränderungen
der Zieltranskripte oder der miRNA-Abbaudynamik zurückzuführen sind. Ergänzend
werden genomische Variationen in  der  menschlichen  Bevölkerung analysiert,  um
Zusammenhänge  zwischen  Sequenzkonservierung,  Selektionsdruck  und
funktioneller Bedeutung von miRNAs zu untersuchen.
Zusammenfassend  adressiert  diese  Dissertation  zentrale  Herausforderungen  der
miRNA-Forschung durch die methodische Integration transkriptomischer Plastizität.
Dabei  werden  Annotation,  Vorhersage  der  miRNA-Expression,  Identifikation
funktionell  relevanter  Zielmerkmale  sowie  die  Charakterisierung  der  miRNA-
Abbaudynamik  und  der  durch  alternative  Polyadenylierung  modulierten  miRNA-
Aktivität  untersucht.  Damit  wird  ein  integrierter,  kontextsensitiver  und
rechnergestützter  Rahmen  zur  Analyse  von  miRNA-Funktionen  in  komplexen
biologischen Systemen etabliert.
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Abstract
MicroRNAs (miRNAs) are post-transcriptional regulators of gene expression and are
deeply embedded within gene regulatory networks that coordinate cellular identity.
By targeting large sets of transcripts and interacting with other regulatory layers,
miRNAs contribute to adaptable control of gene expression programs. While high-
throughput  sequencing  has  enabled  comprehensive  profiling  of  miRNAs  across
biological  contexts,  the  complexity  and  context  dependence  of  miRNA-mediated
regulation pose major challenges for computational analysis.
This  dissertation  addresses  core  computational  challenges  in  miRNA  research,
ranging  from  miRNA  annotation  and  target  identification  to  the  inference  and
interpretation of miRNA regulatory activity from transcriptomic and genomic data. A
central premise of this work is that miRNA function must be analyzed within the
regulatory and structural context of the transcriptome, as transcriptomic plasticity
driven by alternative polyadenylation (APA) reshapes miRNA–target interactions and
complicates conventional analytical approaches.
To  address  the  high  false-positive  rates  of  miRNA  target  prediction,  predicted
miRNA–mRNA  interactions  are  integrated  with  transcription  factor  regulatory
networks.  This  network-based  framework  reveals  sequence  composition  and
positional binding-site features that distinguish functional targets and highlights the
importance of regulatory context in miRNA targeting. Extending this network-based
perspective to transcriptomic plasticity,  single-cell  analyses of  glioblastoma show
that cell-type-specific APA dynamically reshapes miRNA binding site availability and
rewires  miRNA–transcription  factor  co-regulatory  networks  in  association  with
cellular states in the tumor microenvironment. To overcome the limited availability
of small RNA sequencing data, interpretable machine learning models are applied to
infer  miRNA expression  from matched mRNA profiles,  enabling  reconstruction  of
miRNA  regulatory  activity  from  widely  available  transcriptomic  datasets.
Consideration  of  transcript  dynamics  further  reveals  that  apparent  differential
miRNA expression between conditions can arise from target-site dynamics rather
than true changes in miRNA abundance,  as miRNA decay mechanisms and APA-
driven  gain  or  loss  of  binding  sites  confound  standard  differential  expression
analyses.  Complementing  these  transcriptomic  findings,  large-scale  analyses  of
human  genomic  variation  link  sequence  conservation  and  population-level
constraint to miRNA functional relevance and annotation reliability.
Together,  this  work  addresses  key  challenges  in  miRNA  annotation,  expression
prediction, identification of  targeting features,  decay dynamics,  and regulation of
miRNA  activity  through  alternative  polyadenylation.  By  integrating  regulatory
network  analysis,  machine  learning,  modeling  of  transcriptomic  dynamics,  and
population  genetics,  this  dissertation  provides  an  integrated,  context-aware
computational  framework  for  studying  miRNA function  across  complex  biological
systems.
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1 Introduction
1.1 Scope of this thesis
MicroRNA (miRNA) research has greatly benefited from bioinformatics approaches
that enable systematic study of regulatory interactions and miRNA function. Despite
extensive  knowledge  of  miRNA  biogenesis  and  targeting  rules,  the  functional
interpretation  of  miRNA  regulation  remains  limited  by  transcriptomic  plasticity,
incomplete data modalities,  and the lack of systems-level integration. This thesis
addresses these limitations by treating miRNA regulation not as a static interaction
problem but as a dynamic property of regulatory networks embedded in a changing
transcriptome.
The first  study (Chapter  2.1)  tackles the fundamental  challenge of  false-positive
miRNA target prediction by leveraging transcription factor (TF)–miRNA overlap to
learn properties that characterize functionally relevant target genes. It  addresses
the  limitation  of  sequence-based  prediction  methods  by  examining  how  3’
untranslated  region  (3’UTR)  structure,  sequence  composition,  and  binding  site
abundance define features of reliable miRNA targets. 
Building  on  the  interplay  of  regulatory  layers,  the  second  study  (Chapter  2.2)
extends the analysis to co-regulatory miRNA–TF networks in single-cell sequencing
data. It addresses the challenge of missing miRNA data at single-cell resolution by
inferring regulatory activity through co-regulatory network expression and cell-type-
specific  alternative  polyadenylation  (APA)  patterns  that  dynamically  alter  miRNA
binding  site  presence.  This  analysis  is  performed  in  the  biological  context  of
glioblastoma progression and the dynamics of the tumor microenvironment.
Remaining within the cancer framework, the third study (Chapter 2.3) addresses the
limitation  that  transcriptomic  studies  typically  offer  extensive  mRNA sequencing
data, whereas small RNA sequencing is less consistently available. It investigates
whether  miRNA  expression  can  be  predicted  from  matched  mRNA  expression
profiles in large-scale cancer cohorts, enabling reconstruction of miRNA activity from
widely available transcriptomic data.
The fourth study (Chapter  2.4) extends this perspective by examining how target
site  dynamics  influence  the  interpretation  of  differential  miRNA  expression.  It
identifies apparent expression changes between conditions and links them, for a
subset of miRNAs, to structural remodeling of 3′UTRs that alters miRNA binding site
availability rather than to changes in miRNA expression itself.
Using large-scale genomic variation data, the fifth study (Chapter 2.5) addresses the
problem  of  potential  misannotation  of  miRNAs  by  investigating  how  sequence
variation across human populations relates to functional relevance and annotation
accuracy. 
The last chapter (Chapter  2.6) summarizes contributions to collaborative research,
building on computational approaches introduced in Chapter 2.2 to study TF binding
site annotation in close spatial proximity within the context of T cell differentiation.
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In  summary,  this  thesis  addresses  multiple  core  challenges  in  miRNA  research
through systematic analysis of transcriptomic plasticity: annotation of miRNA genes
and targets, prediction of miRNA expression from transcriptomic data, interpretation
of  differential  expression  in  the  presence  of  APA-driven  structural  changes,  and
understanding  miRNA  regulation  in  the  highly  complex  single-cell  cancer
environment.

1.2 MicroRNA biology and gene regulation
MicroRNAs (miRNAs) are short (~22 nucleotide) non-coding RNAs that regulate gene
expression  post-transcriptionally,  primarily  through  binding  to  complementary
sequences within target  mRNAs  [1].  The first  microRNA,  lin-4,  was discovered in
Caenorhabditis elegans in 1993 by Victor Ambros and Gary Ruvkun, who showed
that it  represses  lin-14 by binding to complementary sites in its  3′-UTR, thereby
reducing  LIN-14  protein  production  [2,3].  This  discovery  revealed  a  previously
unrecognized layer of gene regulation and was later recognized by the awarding of
the Nobel Prize in Physiology or Medicine to Ambros and Ruvkun in 2024 [4].
Since their discovery, microRNAs have become a central research topic in molecular
biology,  with  extensive  efforts  directed  toward  understanding  their  biogenesis,
mechanisms of action, and decay pathways [5].
1.2.1 MicroRNA biogenesis
The  biogenesis of miRNAs begins with the transcription of miRNA genes by  RNA
polymerase II (RNA Pol II) to produce long primary miRNA (pri-miRNA) transcripts in
the nucleus. These miRNA genes can be  stand-alone transcriptional units, located
within introns of protein-coding genes, or organized in polycistronic clusters that are
transcribed together as a single primary transcript. pri-miRNA transcripts generated
by RNA pol II  are typically capped and polyadenylated and contain the sequence
information for one or more miRNAs  [1,5,6]. Within the human genome, there are
approximately 1,900 annotated microRNA genes, though the exact number depends
on database and annotation criteria [7,8].
Characteristically, the pri-miRNA folds into a hairpin consisting of a stem and a loop
structure in which complementary sequences form a double-stranded stem with a
terminal loop and are flanked by single-stranded 5′ and 3′ regions of variable length
within  the  longer  primary  transcript.  Within  the  stem,  imperfect  base  pairing  is
common, including G–U wobble pairs and other mismatches [5,9].
In the canonical miRNA biogenesis pathway, the Microprocessor complex, composed
of  the  RNase  III  enzyme  Drosha and  its  RNA-binding  partner  DGCR8, binds  the
hairpin structure of  the pri-miRNA and performs endonucleolytic  cleavage of  the
double-stranded  stem  to  generate  a  precursor-miRNA  (pre-miRNA)  with  a
characteristic two-nucleotide 3′ overhang [10,11]. 
After cleavage by the Microprocessor complex, the pre-miRNA is exported from the
nucleus to the cytoplasm by Exportin-5 in a Ran-GTP–dependent manner. Exportin-5
specifically  recognizes  the  structural  features  generated  by  Drosha  processing,
including  the  short  3′  overhang,  thereby  facilitating  efficient  nuclear  export  and
protecting the pre-miRNA from degradation during transport [12].
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In  the  cytoplasm,  the  pre-miRNA undergoes  further  processing  by  the  RNase  III
endonuclease Dicer.  In  association with  proteins,  such as TRBP,  Dicer  binds and
cleaves the stem–loop structure near the terminal loop, producing a short double-
stranded RNA duplex of approximately 21–23 nucleotides [5,13]. This miRNA duplex
consists  of  two  partially  complementary  strands  and  retains  characteristic  two-
nucleotide 3′ overhangs that are typical of RNase III–mediated cleavage.
Subsequently, the miRNA duplex is incorporated into an Argonaute (AGO) protein,
forming the RNA-induced silencing complex (RISC). During this process, one strand
of the duplex is preferentially stabilized as the guide strand, whereas the opposing
passenger  strand  is  eliminated.  Strand  selection  is  influenced  by  the  relative
thermodynamic stability of the duplex ends and intrinsic sequence properties of the
miRNA (Figure 1.2.1) [1,5].
In contrast to the canonical pathway, non-canonical miRNA biogenesis routes exploit
alternative  precursor  RNAs  and  distinct  processing  modules,  including
Drosha/DGCR8-independent  pathways  such  as  in  mirtrons,  which  use  splicing  to
generate pre-miRNA-like intron hairpins that are then exported and processed by
Dicer, and Dicer-independent pathways directly cleaved by AGO2 [5,14,15].

Figure 1.2.1: The canonical miRNA pathway. miRNA genes are transcribed by RNA Polymerase II (RNA
Pol II) to produce pri-miRNA transcripts, which are processed by the Drosha–DGCR8 complex into pre-
miRNAs in the nucleus. These precursors are exported by Exportin-5 (XPO5) to the cytoplasm, where
Dicer  generates miRNA duplexes,  and the guide strand is subsequently loaded into the Argonaute
(AGO)-containing RISC to repress or degrade target mRNAs. Created in BioRender.

1.2.2 Mechanisms of microRNA action
Mechanistically,  miRNAs  regulate  gene  expression  by  targeting  complementary
sequences within the 3′ untranslated region (3’UTR) of mRNAs. Nucleotides 2–8 from
the  5′  end  of  the  miRNA  define  the  seed  region,  which  is  essential  for  target
recognition, and AGO proteins guide the miRNA to its mRNA target  [1,16]. Target
binding  begins  with  complementary  pairing  of  nucleotides  2–5,  followed  by  a
conformational movement of the α7 helix of AGO that enables base pairing beyond
the fifth nucleotide  [5,17]. Mismatches or wobble base pairs can disrupt this helix
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movement,  leading  to  the  release  of  the  target  RNA.  When  complementarity  is
extensive,  direct  AGO-mediated  endonucleolytic  cleavage can  occur,  although in
humans  this  mechanism  is  rare  and  limited  to  only  a  few  specific  transcripts.
[5,18,19]. 
The predominant outcome of miRNA targeting is mRNA deadenylation followed by
degradation. The protein GW182, also known as TNRC6 in humans, functions as a
central effector of miRNA-mediated silencing by interacting with AGO within the RISC
and  through  interacting  with  the  poly(A)-binding  protein  of  the  target  mRNA.
Through  these  interactions,  GW182  recruits  the  CCR4–NOT  and  PAN2–PAN3
deadenylase complexes, which cooperatively shorten the poly(A) tail of the target
mRNA.  Poly(A) tail  shortening destabilizes the transcript,  weakens its  association
with  poly(A)-binding  proteins,  and  commits  the  mRNA  to  decapping  and
exonucleolytic decay. This pathway represents the dominant mechanism by which
miRNAs reduce steady-state mRNA levels in animal cells. Deadenylation not only
promotes degradation but also creates a translationally inactive mRNA prior to its
removal. [20–23]. 
Translational  repression  often  follows  or  accompanies  deadenylation  and  further
limits  protein  output.  GW182-mediated  recruitment  of  the  CCR4–NOT  complex
interferes with translation initiation by disrupting the recruitment or activity of cap-
binding initiation factors, particularly the eIF4F complex, thereby reducing ribosome
loading onto the mRNA. This inhibition targets the rate-limiting step of translation,
making repression rapid and highly effective  [24,25]. By weakening the functional
interaction between the 5′ cap and the poly(A) tail, miRNAs prevent efficient mRNA
circularization.  Some  repressed  mRNAs  remain  ribosome-associated,  but  show
reduced initiation frequency rather than complete ribosome exclusion [21,26,27]. In
certain contexts,  miRNAs may also affect post-initiation steps such as elongation
efficiency or ribosome stability  [28]. Together, coordinated mRNA degradation and
translational repression ensure robust and sustained suppression of gene expression
by miRNAs.
The mechanistic role of miRNAs has been further described as activating translation
under  specific  cellular  conditions.  Upon  cell  cycle  arrest,  AU-rich  elements  and
microRNA target sites can shift from repressing to activating translation through the
recruitment of microRNAs bound to associated regulatory proteins such as FXR1,
thereby  mediating  a  dynamic  oscillation  between  translational  repression  and
activation [29].
Nuclear and extracellular functions expand the mechanistic repertoire of miRNAs
beyond their cytoplasmic roles. Mature miRNAs and AGO proteins are also present in
the  nucleus,  where  they  regulate  transcription.  Nuclear  miRNAs  can  guide  AGO
complexes to promoter-associated or nascent RNAs to modulate transcription, either
repressing or activating gene expression depending on the chromatin context and
changing epigenetic states [30,31]. 
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Beyond the cell, miRNAs act as intercellular messengers. Selective packaging into
extracellular  vesicles,  such as exosomes,  protects  miRNAs from degradation and
enables their transfer to recipient cells,  where they impact gene expression and
cellular behavior [32].  
1.2.3 MicroRNA turnover and decay
miRNA turnover is controlled by several  coordinated mechanisms. During loading
into  AGO,  the  passenger  strand  of  the  miRNA  duplex  is  rapidly  displaced  and
degraded by exonucleases  such as  XRN1 and XRN2  [33].  In  contrast,  the guide
strand is selectively retained and stabilized through its association with AGO, often
resulting in relatively long half-lives of 12-24 hours [34,35].
Once incorporated into the AGO–miRNA complex, the miRNA is largely protected
from nuclease attack. The 5′ end of the miRNA is anchored within the MID domain of
AGO, while the 3′ end is secured by the PAZ domain. This configuration effectively
shields  both  terminal  miRNA  ends,  restricting  access  by  exonucleases  and
contributing substantially to miRNA stability [36].
A major pathway regulating miRNA decay involves post-transcriptional modification
at  the  3′  end,  a  process  known as  tailing  and  trimming.  Tailing  consists  of  the
addition  of  non-templated  nucleotides  to  the  3′  end  of  mature  miRNAs  and  is
mediated  by  terminal  nucleotidyl  transferases.  Among  these,  TUT4  and  TUT7
predominantly add uridine residues, and 3′ adenylation is catalyzed by TUT2 and
TUT3 and can promote miRNA stability in certain cellular contexts [37,38].
Following  tailing,  miRNAs  can  undergo  progressive  3′  to  5′  trimming  by
exonucleases,  which  shortens  the  miRNA  and  can  ultimately  lead  to  complete
degradation.  For  instance,  the  exonuclease  DIS3L2  preferentially  targets
oligouridylated RNAs, providing a direct mechanistic link between uridylation and
miRNA decay. Notably, miRNA degradation is not solely dependent on tailing. Tailing-
independent  3′  trimming  pathways  have  also  been  described,  underscoring  the
existence of multiple, parallel mechanisms governing miRNA turnover [34,36,37].
Another  mechanism  that  controls  miRNA  turnover  is  target-directed  miRNA
degradation (TDMD). In this process, a target RNA, referred to as a trigger, induces
degradation of its bound miRNA, reversing the typical  miRNA–target relationship.
TDMD triggers differ from canonical  targets  by pairing extensively with both the
seed  and  3′  region  of  the  miRNA,  which  alters  the  AGO–miRNA  complex  and
promotes miRNA decay rather than target repression [39,40].
This  extensive  pairing  displaces  the  miRNA  3′  end  from  AGO’s  protective  PAZ
domain, exposing it to tailing and trimming enzymes. As a result, TDMD-affected
miRNAs  often  accumulate  as  heterogeneous  3′-modified  isoforms,  including
uridylated or shortened species that are more susceptible to exonuclease-mediated
decay [37]. Central mismatches or bulges within the duplex prevent AGO-mediated
slicing, allowing the complex to persist long enough to initiate degradation [5,34].
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A  defining  feature  of  TDMD  is  the  coupling  of  RNA  and  protein  turnover.  The
conformationally altered AGO recruits the E3 ubiquitin ligase adaptor ZSWIM8 as
part of a Cullin–RING complex, leading to AGO polyubiquitination and subsequent
proteasomal degradation. Loss of AGO dismantles the RISC complex and leaves the
miRNA  unprotected,  resulting  in  rapid  decay.  Notably,  a  single  trigger  RNA  can
sequentially  eliminate  multiple  AGO–miRNA  complexes,  making  TDMD  highly
efficient (Figure 1.2.2) [34,39,40].
TDMD is distinct from general miRNA decay pathways because it is actively driven
by  target  RNAs  and  involves  ubiquitin-mediated  protein  degradation.  Although
tailing and trimming frequently accompany TDMD and enhance its efficiency, AGO
degradation alone can be sufficient. Biologically, TDMD is conserved across viruses
and eukaryotes [41].

Figure  1.2.2:  The current model  of  action of  target-directed miRNA degradation (TDMD).  Extensive
pairing between a miRNA and its trigger RNA exposes the miRNA’s 3′ end and recruits the ZSWIM8 E3
ligase,  which  polyubiquitinates  Ago2  and  targets  it  for  proteasomal  degradation.  After  Ago2  is
removed, the miRNA is released and degraded by ribonucleases, while the trigger RNA is recovered
and can engage in additional rounds of TDMD. Created in BioRender.

1.3 Evolutionary and genetic architecture of microRNA regulation
1.3.1 Conservation of microRNAs
miRNAs  constitute  a  fundamental  layer  of  post-transcriptional  gene  regulation
whose evolutionary dynamics reflect a balance between regulatory robustness and
adaptability [42]. Given that miRNAs regulate a substantial fraction of protein-coding
genes  post-transcriptionally,  they  exert  wide-reaching  effects  on  essential
developmental,  physiological,  and  homeostatic  processes  [1].  Individual  miRNAs
typically target numerous transcripts, and most mRNAs are co-regulated by multiple
miRNAs, forming dense and partially redundant regulatory networks that buffer gene
expression  [42,43].  Because a single miRNA can influence entire gene networks,
even subtle changes in miRNA activity can have multifactorial effects. This network-
level robustness helps explain why many functionally important miRNAs are deeply
conserved across metazoans [16,44].
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However, conservation is not uniform across all  miRNAs. Lineage-specific miRNAs
are widespread and represent a major source of regulatory novelty and adaptive
evolution  [45,46].  They  are  frequently  gained  through  multiple  mechanisms,
including  duplication,  de  novo emergence  from  intronic  or  intergenic  regions,
transposons, or other non-coding RNAs  [47]. Comparative genomics shows that a
large proportion of miRNA families are restricted to specific evolutionary lineages,
indicating rapid turnover alongside a conserved core set. Many recently emerged
miRNAs are characterized by low expression levels  and strong tissue or  context
specificity, which limits their immediate functional impact [46–48]. 
The loss of miRNAs is largely governed by functional relevance. miRNAs that fail to
establish beneficial or stable regulatory interactions are prone to elimination through
genetic  drift  or  purifying  selection  [46,48].  In  contrast,  miRNAs  that  become
incorporated into stable gene regulatory modules tend to increase and stabilize in
expression  over  evolutionary  time  and  are  preferentially  retained  [46,47].
Consequently,  more  evolutionarily  conserved  miRNAs  generally  display  higher
expression levels, broader regulatory roles, and stronger selective constraints.
Finally,  the  regulatory  impact  of  miRNAs  is  closely  tied  to  the  evolutionary
conservation of their binding sites in target 3′UTRs. miRNAs with conserved target
sites tend to  exert  stronger  and more stable  regulatory effects,  whereas rapidly
evolving  miRNAs  often  interact  with  less  conserved  binding  sites,  promoting
regulatory flexibility and turnover [45,49,50].
1.3.2 Genetic variation in microRNAs and targets
Genetic  variants  located  within  miRNA  genes  or  in  their  immediate  regulatory
regions,  including  promoters,  can  alter  the  regulatory  effects  by  changing  their
expression levels, maturation efficiency, and target recognition. Because miRNAs act
as  fine-tuners  of  gene  expression,  even  subtle  sequence  changes  can  influence
multiple downstream pathways [51,52].
Single-nucleotide  polymorphisms  (SNPs)  within  miRNA  loci  are  relatively  rare
compared with other noncoding regions, reflecting strong evolutionary constraints.
Large population-scale analyses show that miRNA variants in the seed region are
less frequent than in non-seed regions [53,54]. Despite their rarity, miRNA SNPs can
have  disproportionate  functional  effects.  Variants  within  the  mature  miRNA
sequence  may disrupt  existing  binding  sites  or  generate  novel  ones,  leading  to
potentially large shifts in target specificity and altered repression of entire gene sets
[55].
Variants affecting miRNA biogenesis represent another important category. Changes
within  primary  or  precursor  miRNA  sequences  can  modify  local  RNA  secondary
structure  and  influence  processing  by  Drosha  in  the  nucleus  or  Dicer  in  the
cytoplasm  [56,57]. In such cases, the overall repertoire of target mRNAs typically
remains the same, but the abundance of the mature miRNA is altered, resulting in
globally increased or decreased repression of its targets. Experimental studies have
shown that single-nucleotide changes in hairpin loops or stem regions can either
enhance  or  impair  processing  efficiency,  leading  to  measurable  differences  in
mature miRNA levels [58,59].
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Beyond miRNA genes themselves, variants within miRNA target sites play a major
role in modulating regulation. While many such variants act by directly disrupting or
creating seed-matching sequences, others exert their effects indirectly by altering
the secondary structure of 3′UTRs. These structural changes can lead to inaccessible
binding sites,  effectively  reducing repression without  changing the binding motif
itself [55,60]. 
1.3.3 MicroRNA variation in human disease
Genetic variation affecting miRNAs or their binding sites has been described in a
variety of human disease onset and progression across many pathological contexts. 
One well-studied example is a SNP in miR-146a, which alters miRNA maturation. This
variant has been associated with increased cancer susceptibility and progression, as
well  as  more  severe  coronary  artery  disease,  through  dysregulated  control  of
inflammatory and DNA damage response pathways involving targets such as BRCA1,
IRAK1, and TRAF6 [61]. 
In  cancer,  SNPs in miRNA binding sites are also highly relevant.  A BRCA1 3′UTR
variant disrupts miRNA-mediated repression and is linked to triple negative breast
cancer,  while  the  MDM4  3′UTR  SNP  creates  novel  miRNA  binding  sites  and
potentially modifies risk across several tumor types [61]. 
Cardiovascular  and metabolic  diseases  are  similarly  influenced by such variants.
SNPs in 3′UTRs of genes within the renin–angiotensin–aldosterone system, including
AVPR1A and NR3C2, impair miRNA binding and contribute to hypertension and early
myocardial infarction [62]. Additional variants in the 3′UTRs of INSR, ACSL1, FABP2,
and APOL6 disrupt miRNA regulation and are associated with metabolic phenotypes
[63]. 
Neurodegenerative  diseases  provide  further  examples.  The  Parkinson’s  disease-
associated SNP in the FGF20 3′UTR has been reported to weaken the binding of miR-
433, thereby increasing FGF20 and α-synuclein expression [64]. Further, variants in
the SNCA and LRRK2 3′UTRs that alter repression by miR-34b and miR-138-2-3p,
respectively, were established in Parkinson’s disease [65,66]. 
Rare variants demonstrate strong effects as well. Seed region mutations in MIR96
cause autosomal dominant progressive hearing loss, and MIR184 mutations lead to
familial corneal dystrophy and cataracts [67,68]. 
Together,  these  common  and  rare  variants  illustrate  how  disruption  of  miRNA
networks can drive disease susceptibility and progression.

1.4 MicroRNAs in cancer
1.4.1 The Cancer Genome Atlas (TCGA)
The role of miRNAs in cancer has been significantly clarified through the large-scale,
multi-institutional effort of The Cancer Genome Atlas (TCGA). As a pioneering cancer
genomics  project,  TCGA  systematically  profiled  over  20,000  primary  cancer  and
matched normal samples spanning 33 cancer types. Using standardized protocols,
including  small  RNA  sequencing,  it  generated  quantitative  data  on  miRNA
expression levels and isoforms. These datasets, covering a wide range of tissues and
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disease  states,  enabled  unprecedented  comparisons  between  tumor  and  normal
conditions [69].
A key advantage of TCGA lies in its comprehensive integration of diverse data types
into  a  unified  resource.  In  addition  to  miRNA  expression,  it  includes  matched
genomic  mutations,  mRNA expression,  DNA methylation,  copy number  variation,
and  extensive  clinical  information.  This  layered  dataset  offers  a  broad  and
interconnected view of tumor biology, allowing researchers to uncover how miRNAs
shape gene regulation, reflect underlying genetic alterations, and influence clinical
outcomes.  As  a  result,  the  role  of  miRNAs  has  been  elevated  from  secondary
contributors  to  central  regulators  in  cancer  biology,  with  both  mechanistic  and
translational significance.
A major  achievement stemming from TCGA-based studies is  the identification of
miRNA  biomarkers  with  diagnostic  and  stratification  value.  Through  large-scale
expression  analyses,  researchers  have  developed miRNA signatures  that  reliably
distinguish tumor types and molecular  subtypes.  These signatures often surpass
mRNA-based classifiers, owing to the high tissue specificity, stability, and regulatory
precision of miRNAs, making them ideal candidates for diagnostic assays [70–72].
Another prominent application is the development of prognostic models.  Survival
analyses  leveraging  TCGA  data  have  linked  specific  miRNAs  and  multi-miRNA
signatures  to  patient  outcomes  across  multiple  cancer  types.  These  risk  scores
provide  tools  for  stratifying  patients  based  on  expected  disease  progression,
independent of conventional clinical metrics [73,74].
Additionally, miRNA profiles have shown promise in predicting therapeutic response.
Certain  miRNAs  have  been  associated  with  sensitivity  or  resistance  to
chemotherapy,  radiotherapy,  and  targeted  therapies.  Mapping  these  expression
patterns  helps  identify  patients  more  likely  to  respond  to  specific  treatments,
offering a path toward more personalized and effective cancer care [75–77].
TCGA  findings  have  also  guided  the  development  of  miRNA-based  therapeutic
approaches. By spotlighting miRNAs that are consistently dysregulated and clinically
significant,  TCGA  has  enabled  the  prioritization  of  candidates  for  therapeutic
targeting,  whether  through  anti-miRNA  agents  to  inhibit  oncogenic  miRNAs  or
replacement strategies to restore tumor-suppressive ones [78–80].
1.4.2 OncomiRs and tumor suppressors
Multiple molecular mechanisms interfere with microRNA regulation that contribute to
cancer progression. As key post-transcriptional regulators, miRNAs are responsible
for maintaining fine-tuned control over gene expression programs  [16]. When this
balance is lost, either through the loss of miRNAs that normally suppress oncogenic
targets or the overexpression of miRNAs that inhibit tumor suppressor genes, the
result can be uncontrolled proliferation, impaired differentiation, and other hallmarks
of cancer. miRNAs that promote cancer by repressing tumor suppressor genes are
referred to as oncogenic  miRNAs,  or  oncomiRs,  while  miRNAs that  act  as tumor
suppressors can contribute to malignancy when underexpressed or lost [81,82]. This
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disruption  in  target  regulation  can  be attributed to  several  upstream alterations
(Figure 1.4.1).

Figure  1.4.1: Overview of mechanisms driving oncomiR or tumor-suppressor miRNA dysregulation in
cancer. Created in BioRender.

A major set of these mechanisms acts at the sequence level and affects the target
repertoire of the miRNA. miRNAs can acquire tumor-promoting properties through
alterations in their  sequence.  These include somatic mutations that occur  within
miRNA genes, especially in the seed region critical for target recognition [83]. Even
a  single  nucleotide  change  can  alter  a  miRNA’s  processing  efficiency,  strand
selection, or target repertoire. Some mutations result in the gain of new targets or
the loss of repression of essential tumor suppressors, effectively reprogramming the
miRNA’s function [61,84]. While these events are less common than expression-level
disruptions, their impact can be substantial due to the broad downstream effects of
mis-targeting.
RNA editing represents another layer of sequence-based regulation. Adenosine-to-
inosine editing by ADAR enzymes can alter the seed sequence of a mature miRNA,
redirecting its target specificity [85,86]. In some cancers, editing is reduced, which
maintains a miRNA in its unedited, potentially oncogenic form. In other contexts,
aberrant editing creates miRNAs with new pro-oncogenic properties  [87,88].  This
type of editing-driven shift can remodel post-transcriptional networks in ways that
subtly  or  dramatically  alter  cellular  behavior,  often  with  consequences  for
metastasis, immune evasion, or resistance to therapy.
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In contrast to these sequence-level mechanisms, defective miRNA biogenesis also
contributes to widespread dysregulation, though through different means and often
at the processing level.
Another  important  contributor  is  genomic  copy  number  change.  Amplification  of
miRNA loci can lead to abnormally high levels of certain miRNAs that downregulate
genes  that  normally  restrict  growth,  while  deletions  may eliminate miRNAs with
tumor-suppressive functions [89]. These gains or losses are common across cancers,
with oncomiRs often found in amplified regions [90].
A  widespread  mechanism involves  epigenetic  silencing.  Many  tumor-suppressive
miRNAs  are  located  near  CpG-rich  promoter  regions  that  are  susceptible  to
hypermethylation in cancer cells [91]. Methylation of these regions effectively shuts
down transcription, leading to decreased levels of mature miRNA and consequently
the  loss  of  regulation  over  their  target  oncogenes  [92].  Similarly,  histone
modifications that induce a closed chromatin state around miRNA loci can prevent
transcriptional access [93]. These epigenetic mechanisms are especially significant
in early tumor development, where they contribute to silencing of key regulatory
miRNAs without requiring structural genetic alterations [94].
In  addition  to  these  changes,  aberrant  transcriptional  regulation  by  oncogenic
signaling pathways also reshapes miRNA expression. Oncogenes such as MYC can
directly  activate  or  repress  miRNA  transcription  [95].  This  commonly  results  in
coordinated upregulation of miRNAs that support proliferation, metabolic adaptation,
or evasion of apoptosis. The downstream effect is the reinforcement of oncogenic
networks,  as  these  miRNAs  preferentially  suppress  tumor  suppressor  genes  or
modulate immune evasion pathways [95,96]. 
Altogether, disrupted biogenesis, copy number changes, epigenetic silencing, and
oncogene-driven transcription contribute to global shifts in miRNA expression that
impair normal gene regulation and favor malignant transformation.
1.4.3 Glioblastoma as a model of regulatory complexity
Glioblastoma multiforme (GBM) is the most prevalent and aggressive brain tumor in
adults, characterized by heterogeneity, rapid progression, and resistance to current
therapies [97]. Among the many molecular drivers of GBM, miRNAs have emerged
as critical modulators of tumorigenesis. Their dysregulation in GBM has become a
major focus of research, revealing their influence on core oncogenic processes like
proliferation, apoptosis, invasion, and cellular plasticity [98–100].
Several miRNAs function as oncogenic drivers in GBM. miR-21 is among the most
frequently upregulated miRNAs and acts by repressing multiple tumor suppressors,
thereby  enhancing  proliferation  [101–103].  Inhibition  of  miR-21  in  experimental
models leads to reduced tumor growth, while its overexpression in patient tumors is
consistently  linked  to  poor  prognosis  [101,104,105].  Similarly,  miR-10b,  largely
absent in normal brain tissue, is highly expressed in gliomas, where it suppresses
apoptosis and promotes cell cycle progression by targeting genes such as Bim and
p21.  High  levels  of  miR-10b  correlate  with  increased  proliferative  capacity  and
significantly reduced patient survival [106,107].
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Conversely,  several  miRNAs  enriched  in  the  healthy  brain  are  markedly
downregulated  in  GBM and act  as  tumor  suppressors.  miR-7,  which  inhibits  key
components of the EGFR and MAPK pathways, is one such example. Loss of miR-7
enhances  oncogenic  signaling,  while  its  restoration  reduces  tumor  growth  [108].
miR-128, another neural-specific miRNA, is also significantly reduced in glioma cells
[109]. These tumor-suppressive miRNAs help maintain differentiation programs, and
their  downregulation contributes to the aggressive and stem-like phenotype that
characterizes high-grade GBM.
miRNAs also influence the tumor microenvironment. For example, miR-21 has been
implicated  in  modulating  immune  cell  infiltration  and  promoting  an
immunosuppressive milieu, while other miRNAs have been linked to angiogenesis
and extracellular matrix remodeling  [99,110,111].  The interactions between GBM
cells and their microenvironment are increasingly recognized as essential for tumor
maintenance and progression [112,113].
Importantly, miRNA expression patterns carry clinical significance. Distinct miRNA
profiles have been linked to GBM subtypes and patient outcomes. For instance, high
expression  of  miR-181d  is  associated  with  reduced  MGMT  levels  and  improved
response to temozolomide, the frontline chemotherapeutic agent for GBM [114]. In
contrast, elevated levels of miR-21 or miR-10b are linked to treatment resistance
and shorter survival [100,107]. 

1.5 Alternative polyadenylation and microRNA-mediated regulation
One of the key determinants of miRNA activity is the presence, composition, and
accessibility of their binding sites within target transcripts. This regulatory landscape
is highly dynamic, largely due to a mechanism known as alternative polyadenylation
(APA)  [115].  APA occurs in an estimated 70 percent of protein-coding genes and
results in the generation of transcript isoforms with variable 3′UTR lengths  [116].
Consequently,  APA  modifies  the  availability  of  microRNA  binding  sites,  thereby
influencing post-transcriptional gene regulation [117].
1.5.1 Molecular mechanisms of APA
During mRNA production, polyadenylation marks the final processing step before a
transcript is fully matured and exported from the nucleus to the cytoplasm  [115].
The poly(A) tail is a sequence of adenosine nucleotides added to the 3′ end of a
precursor  mRNA and  protects  the  transcript  from degradation,  ensures  efficient
export, and enables translation. Without polyadenylation, mRNAs are unstable and
often fail to be translated into protein [115,118].
The addition of the poly(A) tail depends on sequence motifs within the 3′UTR and the
coordinated action of several protein complexes. The main players are the cleavage
and polyadenylation specificity factor (CPSF), the cleavage stimulation factor (CstF),
and cleavage factors I and II (CFIm and CFIIm)  [115,118–120]. CPSF binds to the
polyadenylation  site  (PA  site),  an  upstream AAUAAA  sequence  motif  or  a  close
variant, while CstF interacts with a downstream GU-rich region. Once these sites are
engaged, CFIm and CFIIm help align the machinery for cleavage. After the cut is
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made, poly(A) polymerase (PAP) adds the tail, and poly(A)-binding proteins control
the length and protect from degradation (Figure 1.5.1) [115,118].

Figure 1.5.1: Factors influencing alternative polyadenylation. PAS choice can be affected by the gene
promoter, polyadenylation-related proteins, local nucleosome density, RNA polymerase II elongation,
RNA-binding proteins, m6A marks, and inhibition by U1 snRNP.  Figure adapted from Tian & Manley
(2017).

APA  increases  the  diversity  of  mRNA isoforms  produced  from a  single  gene  by
cleavage and tail addition at different positions when multiple PA sites are located
within the same gene.
Experimental studies have shown that APA is a regulated process that responds to
changes in the abundance and activity of specific processing factors. For instance,
reducing levels of  the CFIm complex,  particularly  the CFIm25 subunit  (NUDT21),
causes widespread use of proximal PA sites and leads to shorter 3′UTRs [121–123].
These results show that PA site choice depends not only on the sequence motifs
present but also on the availability and balance of core and accessory RNA-binding
proteins  that  interact  with  the  polyadenylation  machinery.  APA  is  therefore  a
dynamic  and  flexible  mechanism  for  fine-tuning  gene  expression,  not  just
background noise.
Several distinct types of APA have been described, characterized based on where
alternative PA sites are located in the mRNA. The most common type is tandem APA,
where two or more PA sites lie within the same terminal exon, resulting in 3′UTRs of
varying lengths but identical protein-coding sequences.  Intronic APA occurs when
cleavage happens  within  an  intron,  often before splicing is  complete,  leading to
truncated  transcripts  that  may  code  for  shorter  proteins.  In  splicing  APA,  the
inclusion or exclusion of certain exons alters the set of available PA sites.  Internal
APA refers  to  the  use  of  less  common  upstream  polyadenylation  signals  within
coding  exons  or  introns,  often  producing  unstable  or  nonfunctional  transcripts
(Figure 1.5.2) [115,124–126].
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Figure  1.5.2: Alternative polyadenylation (APA). Tandem APA occurs when proximal or distal poly(A)
sites (PA sites) are selected within the terminal exon, producing mRNAs with shorter or longer 3′UTRs.
Use of a proximal site shortens the 3′UTR and can remove regulatory elements such as miRNA-binding
sites,  potentially  increasing  protein  expression.  Intronic  APA  generates  truncated  transcripts  by
selecting PA sites within  introns,  resulting in  shorter  isoforms that may be more highly  expressed
through loss of miRNA binding sites. Similarly, splicing-coupled APA links alternative exon choice with
PA site selection, yielding distinct transcript variants with different regulatory potentials. Internal APA
uses upstream PA sites to produce shortened mRNAs that lack portions of the 3′UTR and can therefore
potenitally escape post-transcriptional repression. Created in BioRender.

In addition to sequence elements and regulatory proteins, the speed of transcription
also  influences  APA.  Faster  RNA  Polymerase  II  elongation  reduces  distal  PA  site
recognition,  favoring  upstream cleavage and shorter  isoforms.  Slower elongation
favors downstream signals to be processed. Chromatin structure and specific histone
modifications can also affect how quickly polymerase moves along the gene, and
thus indirectly influence APA outcomes [127,128].
This ability to generate different mRNA isoforms from the same gene has significant
implications  for  how  transcripts  are  regulated  after  transcription.  In  particular,
changes  in  3′UTR  length  directly  affect  the  presence  or  absence  of  regulatory
elements such as microRNA binding sites [125,129]. Thus, APA provides a molecular
switch that controls how susceptible an mRNA is to post-transcriptional regulation,
even when its overall expression level remains unchanged.
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1.5.2 APA across cell types and states
APA usage is highly cell  type–specific, and also varies with developmental stage,
differentiation status, and disease state. This specificity is largely governed by the
availability and activity of core 3′ end processing factors, which can shift  PA site
usage globally. Different cell types express varying levels and sometimes specialized
paralogs  of  these  factors,  allowing  them  to  shape  distinct  APA  profiles  that
contribute to their identity and function [115,130,131].
Tissues  such as  muscle,  brain,  and immune cells  express RBPs that  promote or
repress polyadenylation at certain sites,  tuning the output of  APA  [130,132].  For
example, the neuron-specific RNA binding protein (RBP) Nova1 and the immune cell–
expressed CstF-64 each influence site usage in ways that align with tissue-specific
gene expression  programs  [133].  In  general,  APA provides  a  mechanism for  the
same gene  to  be  regulated  differently  across  cell  types  by  modifying  transcript
stability,  localization,  and  translation,  and  often  in  coordination  with  miRNA
networks.
During  embryonic  development,  APA  undergoes  dynamic  reprogramming.  Early
embryonic cells, which are highly proliferative, tend to use proximal PA sites. As cells
exit proliferation and begin lineage specification, there is a progressive shift toward
longer 3′ UTR isoforms enriched in regulatory elements [134–136]. This lengthening
coincides  with  increased  engagement  of  post-transcriptional  regulatory
mechanisms, including miRNAs and RBPs, and supports the emergence of stable,
tissue-specific gene expression programs [135].
The  nervous  system is  another  striking  example  of  APA  specialization.  Neurons
exhibit widespread usage of long 3′-UTR isoforms, a phenomenon conserved across
mammals [137]. In neurons, APA is tightly linked to function: long 3′ UTRs facilitate
mRNA transport to dendrites or axons and support activity-dependent translation at
synapses  [138]. For example, the BDNF gene uses a long isoform that targets the
mRNA to dendrites and responds to synaptic signals, while a shorter isoform remains
confined to the soma [139,140]. Moreover, many neural transcripts are co-regulated
by  shared  miRNAs  through  inclusion  of  conserved  binding  sites  supporting
coordinated control over functionally related genes [141].
Similarly, the immune system uses APA to diversify its transcriptome and control
gene  expression  during  activation  and  differentiation.  One  example  is
immunoglobulin heavy-chain transcripts in B cells, which switch APA sites to produce
either membrane-bound or secreted antibody isoforms [133]. This switch is driven in
part by elevated expression of CstF-64 during plasma cell differentiation [133]. 
In T cells, APA remodeling also occurs during activation and effector differentiation.
Upon antigen stimulation, many genes involved in T cell signaling, trafficking, and
cytokine production undergo 3′-UTR shortening or isoform switching [142,143].
In contrast to the lengthening seen in differentiated cells like neurons, cancer cells
often display global 3′-UTR shortening [117]. This tendency towards shorter isoforms
mirrors APA profiles seen in undifferentiated cells [131]. Shortened 3′ UTRs in tumors
may also disrupt cross-talk among transcripts competing for shared miRNAs, altering
the balance of gene expression across entire regulatory networks [144]. Moreover,
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loss of APA regulation in cancer is not limited to oncogenes and can affect tumor
suppressors and signaling molecules [144,145].

1.6 Bioinformatics approaches to microRNA research
Bioinformatics has been fundamental  in miRNA research, providing the frameworks
required  to  analyse  and  understand  miRNA-mediated  gene  regulation.
Computational approaches underpin all major stages of miRNA research, including
miRNA gene annotation,  target identification,  expression profiling, and regulatory
network reconstruction. By leveraging sequence analysis, evolutionary conservation,
and  large-scale  high-throughput  data,  bioinformatics  has  allowed  miRNAs  to  be
studied systematically at the genome and transcriptome level, establishing them as
integral  components  of  gene  regulatory  systems  across  diverse  biological  and
pathological contexts [146].
1.6.1 MicroRNA annotation
Initially,  miRNAs  were  discovered  through  classical  genetics  and  low-throughput
molecular  biology,  most  notably  in  C.  elegans  [2,3]. These  studies  established
defining miRNA features, including short length, derivation from hairpin precursors,
precise Drosha/Dicer processing, and incorporation into AGO complexes [147]. Early
bioinformatic approaches exploited these properties by identifying hairpin-forming
loci,  characteristic  small  RNA  sequencing  read  patterns,  and  evolutionary
conservation, enabling scalable, genome-wide miRNA discovery [148,149].
As discovery accelerated, several databases emerged to catalog annotated miRNAs,
with miRBase becoming the most widely used resource [7,150]. miRBase aggregates
published  miRNA  sequences  and  standardizes  nomenclature,  but  its  annotation
strategy  has  historically  relied  on  author-submitted  evidence.  High-confidence
annotations were initially supported by deep sequencing and required features such
as perfectly matching reads mapping to both mature arms of the precursor, reads
with 3′ overhangs, and prediction of a stable hairpin structure [7,150]. Despite these
guidelines, large-scale analyses revealed substantial false-positive rates in miRBase,
particularly among species-specific and lowly expressed miRNAs [151].
In  contrast,  MirGeneDB  was  introduced  as  a  manually  curated,  evolution-aware
alternative that applies strict and explicit criteria emphasizing canonical biogenesis,
precise  processing,  and  evolutionary  conservation  [8,152].  Consequently,
MirGeneDB  is  far  more  conservative,  recognizing  only  a  subset  of  miRBase
annotations as high-confidence miRNA genes [152]. This discrepancy highlights the
trade-off between annotation breadth and reliability and underscores the importance
of  rigorous  curation  for  downstream  analyses  such  as  target  prediction  and
regulatory network modeling.
High-confidence annotations have enabled more advanced computational discovery
strategies. Curated datasets such as MirGeneDB have been used to train covariance
models that integrate sequence, secondary structure, and evolutionary constraints,
allowing highly specific, genome-wide identification of novel miRNA loci [153].
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Despite  these  advances,  miRNA  annotation  remains  challenging,  particularly  for
lowly  expressed,  species-specific,  or  condition-dependent  miRNAs,  where
distinguishing functional molecules from background noise continues to be difficult
[154].
1.6.2 Target identification
A  defining  challenge  in  miRNA  research  is  the  identification  of  mRNA  targets.
Because miRNAs regulate gene expression through short and often imperfect base
pairing, experimental identification of all miRNA–mRNA interactions is not scalable
[155].  Bioinformatics  algorithms have therefore played a  central  role  in  defining
miRNA  targets  computationally,  enabling  large-scale  functional  interpretation  of
miRNA activity.
A principle that could be exploited computationally, and that forms the foundation of
most target prediction algorithms, is the search for complementary sequences to the
miRNA seed region within target mRNAs  [16,42]. However, this approach alone is
insufficient to explain targeting specificity, as large transcriptomes contain millions
of  potential  seed  matches.  To  address  this  challenge,  bioinformatic  approaches
incorporated  additional  contextual  features,  including  evolutionary  conservation,
local  sequence  composition,  site  accessibility,  thermodynamic  stability,  and  the
presence of multiple binding sites, to distinguish functional targets from background
noise [16,42,156,157].
One major advance in miRNA target prediction was the introduction of evolutionary
conservation  as  a  filtering  principle  [42].  The  underlying  assumption  is  that
functional miRNA binding sites are often preserved across related species due to
selective pressure. This concept is central to TargetScan, which identifies conserved
seed  matches  of  potentially  extended  length  across  vertebrate  or  metazoan
genomes and ranks predicted targets  based on both site type and conservation
metrics [42]. Subsequent versions of TargetScan incorporated context-based scoring
metrics that account for features such as AU-rich flanking sequences, binding site
position  within  the  UTR,  and  UTR  length  [16,158].  Conservation-based  methods
substantially  increased prediction specificity,  although they are inherently biased
against species-specific and recently evolved miRNAs whose functional targets may
lack detectable conservation [159].
Alternative  algorithms  emphasized  the  biophysical  properties  of  miRNA–mRNA
interactions, focusing on sequence complementarity beyond the seed region and
thermodynamic considerations.  These methods enabled the identification of  non-
canonical and non-conserved binding sites but typically generated larger candidate
target sets, often with increased false-positive rates. Incorporation of RNA secondary
structure and local accessibility further refined these predictions, underscoring the
importance of transcript context in miRNA-mediated regulation [160–162].
Algorithms such as DIANA-microT combine multiple features, including seed pairing,
conservation,  thermodynamics,  and  site  context,  into  unified  probabilistic  scores
[157].  In  parallel,  the  integration  of  expression-based  evidence  became  an
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important  complementary  strategy,  whereby  miRNA–mRNA  pairs  exhibiting
anticorrelated expression patterns were analyzed [163]. While anticorrelation alone
is not sufficient to establish direct targeting, its incorporation alongside sequence-
based predictions improves biological relevance.
More recently, machine learning and deep learning approaches have been applied to
miRNA  target  prediction.  These  models  are  trained  on  experimentally  validated
miRNA–mRNA interactions and can automatically learn complex, non-linear feature
combinations, including non-canonical interactions [164–166]. 
To  mitigate  uncertainty  inherent  in  computational  prediction,  bioinformatics  has
increasingly incorporated high-throughput experimental evidence. Crosslinking and
immunoprecipitation sequencing (CLIP-seq) technologies identify transcript regions
physically  bound  by  AGO  proteins,  providing  maps  of  RISC-occupied  regions
enriched for  miRNA target  sites.  Several  databases integrate CLIP-seq data with
computational  predictions,  substantially  increasing confidence in  inferred miRNA–
mRNA interactions [156,167,168].
1.6.3 MicroRNA networks and function
The functional annotation of miRNAs primarily relies on systematic analysis of their
mRNA targets. Since a single miRNA can modulate the expression of hundreds of
genes,  understanding  its  role  requires  large-scale  approaches  that  go  beyond
isolated interactions [42]. One widely used strategy involves identifying enrichment
and over-representation of  biological  processes or  pathways  among predicted or
experimentally  validated  targets  [169].  These  analyses,  conceptually  similar  to
those applied in mRNA expression studies, draw on gene annotation resources such
as Gene Ontology (GO) and KEGG, and are implemented through tools like DAVID,
g:Profiler,  or  miRNA-focused platforms  such  as  DIANA-miRPath  and miEAA  [169–
172]. This provides a first approximation of a miRNA’s potential biological roles.
Beyond enrichment,  bioinformatics  also  supports  analysis  of  tissue  and context-
specific  miRNA  expression  [173,174].  Integrating  target  enrichment  data  with
spatiotemporal  expression  profiles,  such  as  those  available  in  resources  like
miRNATissueAtlas,  helps  refine  functional  interpretations  by  identifying  in  which
biological settings a given miRNA is likely to be active [173,174].
miRNAs function within broader regulatory networks, where their activity intersects
with that of TFs, RBPs, and other miRNAs. For instance, multiple miRNAs may co-
target the same mRNA, or a single miRNA might regulate a TF that subsequently
controls the expression of additional miRNAs. Modeling these coregulatory networks
enables  a  shift  from static  lists  of  targets  to  dynamic  interpretations  of  miRNA
function within specific expression contexts [175,176]. 
A  commonly  studied  network  motif  is  the  feed-forward  loop  (FFL),  where  a  TF
regulates a miRNA or vice versa, and both jointly regulate a shared target gene
(Figure  1.6.1)  [176].  This  creates  a  three-component  regulatory  circuit  that  can
result  in  aligned  or  opposing  regulatory  effects.  FFLs  are  widespread  regulatory
networks,  and  their  identification  requires  the  integration  of  binding  site  data,
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transcriptional control information, and expression dynamics [176]. FFLs can buffer
transcriptional  noise,  and  facilitate  rapid,  transient  responses.  Additionally,  they
have  been observed in  systems ranging  from stem cell  differentiation  to  tumor
progression [177–180]. A well-known example is the c-Myc, E2F, miR-17-92 circuit,
where  c-Myc  activates  both  E2F  and the  miR-17-92  cluster,  the  latter  acting  to
repress  E2F,  forming  a  regulated  proliferative  module  [181].  Another  example
involves NF-κB, which activates pro-inflammatory genes as well as miRNAs like miR-
146a that,  in turn, suppress key signaling intermediates, thereby modulating the
immune response [182,183].
However,  FFLs  represent  only  the  core  units  of  more  complex  regulatory
architectures.  In  real  biological  contexts,  these  loops  are  shaped  by  additional
regulators  and  mechanisms  that  may  alter  or  disrupt  their  function.   The
incorporation  of  such  post-transcriptional  layers,  including  APA,  adds  substantial
context  dependency to miRNA-centered regulatory networks (Figure 1.6.1).  What
begins as a relatively simple loop may, in reality, behave as a dynamic, multi-input
module that is sensitive to changes in transcriptome composition, cellular state, or
subcellular localization [184,185].
Bioinformatics  remains  central  to  resolving  this  complexity.  Through  the
development of integrative models that account for multiple regulatory layers and
contextual  dependencies, computational  approaches are moving the field beyond
static catalogs of miRNA–mRNA pairs toward a deeper understanding of miRNAs as
adaptive components of larger gene regulatory-systems [176,186,187].

Figure 1.6.1: Transcription factor (TF)–microRNA (miRNA)-gene feed-forward loops (FFLs). The left panel
shows a coregulatory FFL, where the TF and the miRNA each regulate the target gene, and at least one
of them also regulates the other component, allowing for mutual regulation as a possible configuration.
The right panel illustrates disruption of this FFL when APA-mediated 3′UTR shortening removes miRNA-
binding  sites  targeting  the  TF  and  target-gene,  preventing  miRNA  repression  and  breaking  the
regulatory loop. Created in BioRender.

1.7 Machine learning in regulatory biology
1.7.1 Machine learning for gene regulatory network inference
The availability of high-throughput data, such as RNA sequencing, single-cell omics,
and genome-wide profiling technologies, has produced rich datasets that are high-
dimensional, complex, and noisy. Traditional statistical methods regularly fall short in
obtaining valuable insights from such data. Consequently,  machine learning (ML)
has  become  a  key  tool  for  understanding  regulatory  biology,  as  it  enables  the
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identification of patterns without specific prior assumptions, handles large feature
spaces,  and  supports  predictive  modeling  from  complex  molecular  datasets
[188,189].
At  the  core  of  regulatory  biology  is  the  gene  regulatory  network  (GRN),  which
represents how transcription factors, non-coding RNAs, and other regulators, such as
chromatin  modifiers,  coordinate  gene  expression.  These  networks  consist  of
numerous  interacting  components  whose  relationships  are  frequently  nonlinear,
context-dependent,  and  combinatorial  [189,190].  Machine  learning  approaches,
including Bayesian networks, random forests, support vector machines (SVMs), and
regression-based models, were among the first computational strategies applied to
GRN inference,  allowing more accurate prediction of  regulatory interactions than
earlier  methods  based  solely  on  unsupervised  clustering  or  pairwise  correlation
analyses. More recently, deep learning and advanced structured ML models, such as
graph neural networks, have additionally improved the field’s capacity to capture
nonlinear interactions and latent regulatory patterns across diverse omics layers,
including transcriptomic and epigenomic data [189,191,192].
A key distinction in ML modeling lies in the choice between linear and nonlinear
techniques.  Linear  models  offer  interpretability  and  robustness,  particularly  in
settings with limited sample sizes, but they may oversimplify biological systems that
involve feedback loops, combinatorial regulation, and threshold-dependent effects.
In contrast,  nonlinear  methods,  including tree-based ensemble models  and deep
neural architectures, can learn complex dependencies and interaction effects that
are common in gene regulatory processes. However, these models typically require
careful regularization and hyperparameter tuning, along with stringent validation, to
reduce overfitting, especially in biological datasets in which the number of measured
features far exceeds the number of  samples.  As a result,  studies often evaluate
multiple  ML  approaches  to  balance  predictive  performance  with  biological
interpretability across experimental conditions [189,192–195].
The  application  of  machine  learning  in  regulatory  biology  goes  beyond  network
inference.  ML  methods  are  widely  used  for  multi-omics  data  integration,
classification of cell types and cellular states, discovery of regulatory modules, and
prediction  of  phenotypic  outcomes from molecular  profiles  [190].  Through these
approaches, researchers can move beyond simple lists of differentially expressed
genes  toward  mechanistic  models  of  regulation,  allowing  the  discovery  of  key
regulatory hubs and pathways through analyses such as feature importance and
model-based inference.
1.7.2 Machine learning in microRNA research
ML contributes across most tasks in miRNA research. First,  ML is widely used for
miRNA discovery and classification, identifying novel miRNA precursors and mature
sequences from genomic data by learning sequence and structural  features that
differentiate  true  miRNAs  from other  non-coding  elements.  It  also  improves  the
accuracy of  miRNA target prediction by combining various features derived from
sequence  complementarity,  structural  accessibility,  and  expression  patterns.  ML
models  outperform  heuristic,  rule-based  target  predictors  by  learning  complex
patterns associated with functional miRNA–mRNA interactions [196,197]. 
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Beyond sequence analysis, ML models were applied in modeling miRNA expression
and assessing regulatory influence. For example, ML methods have been used to
predict  miRNA  expression  levels  from  gene  expression  profiles,  revealing  the
multifactorial regulatory relationships underlying miRNA control [198,199]. 
Machine learning also enables regulatory module detection and disease association
studies  by  identifying  groups  of  miRNAs  and  target  genes  whose  coordinated
expression  patterns  discriminate  between  biological  states  [200–202].  In  clinical
research, ML classifiers trained on miRNA profiles have identified candidate miRNA
signatures that  distinguish disease from control  samples with  high accuracy.  For
example, in prostate cancer diagnostics, random forest models applied to miRNA
expression data yielded strong classification metrics and revealed miRNA expression
ratios with superior diagnostic performance compared to conventional biomarkers
[203]. 
Furthermore, ML frameworks support the construction of miRNA regulatory networks
that  integrate  miRNA–mRNA,  miRNA–lncRNA,  and  circ-RNA  interactions,  enabling
integrated views of post-transcriptional  regulation. In these network contexts,  ML
assists not only in prediction but also in identifying key regulatory hubs, potential
therapeutic  targets,  and pathways that  are enriched in specific disease contexts
[201,203,204]. 
Deep learning (DL) has recently extended traditional machine learning approaches
in  miRNA research  by  using  neural  network  architectures  to  automatically  learn
informative representations from raw sequence, structural, and expression data. DL
models have shown improved performance in miRNA discovery and target prediction
by capturing complex, nonlinear patterns underlying miRNA biogenesis and miRNA–
mRNA interactions without relying on selection of features [164,205].
1.7.3 Regularization methods
A challenge in regulatory biology and miRNA research is the high-dimensional nature
of data. Here, the number of predictors often exceeds the number of samples. In
such  settings,  standard  regression  models  are  prone  to  overfitting  [206].  They
capture  noise  rather  than  biologically  relevant  patterns  and  perform  poorly  on
unseen data. Regularization addresses this problem by introducing constraints that
penalize complex models.
In linear machine learning models, regularization is typically implemented by adding
a penalty term to the loss function, which shrinks large coefficient values  [207].
Regularization is especially important in regulatory biology, where many features
may be weakly informative or highly correlated [188,208]. 
Three  regularized  linear  models  are  especially  prominent  in  biological  research:
ridge regression, LASSO, and elastic net [194,207,209]. 
Ridge regression applies an L2 penalty that shrinks all coefficients toward zero but
does not eliminate any predictors. This makes ridge well-suited in situations where
many features contribute small, cumulative effects. This is often the case in gene
expression regulation. Ridge regression also handles multicollinearity effectively by
distributing weights across correlated predictors [194]. 
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LASSO  introduces  an  L1  penalty  that  forces  some  coefficients  to  exactly  zero,
producing sparse models that perform automatic feature selection. However, LASSO
can behave unstably when predictors are highly correlated, arbitrarily selecting one
feature while discarding others that may be biologically relevant [207].
Elastic net combines L1 and L2 penalties, inheriting strengths from both LASSO and
ridge  regression.  It  performs  feature  selection  while  also  retaining  groups  of
correlated predictors.  This makes it  particularly interesting for transcriptomic and
miRNA data,  where  regulatory  signals  often  occur  in  coordinated  sets.  Although
elastic  net  requires  tuning  multiple  parameters,  it  often  yields  more  stable  and
biologically plausible models than either method alone [209].
From  a  biological  perspective,  regularized  linear  models  are  especially  valuable
because  they  combine  interpretability  and  predictive  power.  Specifically,  each
coefficient  directly  links  a  molecular  feature  to  an  outcome,  which  supports
mechanistic hypothesis generation [189,190]. 
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2 Research articles
In  the  following,  the  research  articles  contributing  to  this  thesis  are  presented.
The final subsection provides an overview of additional  publications in which the
author participated as a collaborator.

2.1 Detection of features predictive of microRNA targets by integration
of network data

2.1.1 Preamble 
This chapter is published in the journal PLOS ONE: 
Cihan, M.,  & Andrade-Navarro,  M.  A.  (2022).  Detection of  features predictive of
microRNA  targets  by  integration  of  network  data.  PLOS  ONE,  17(6),  e0269731.
https://doi.org/10.1371/journal.pone.0269731
The  supplementary  files  associated  with  this  publication  are  available  on  the
publisher’s website via the article’s DOI.
2.1.2 Abstract
Gene activity is controlled by multiple molecular mechanisms, for instance through
transcription  factors  or  by  microRNAs  (miRNAs),  among  others.  Established
bioinformatics tools for the prediction of miRNA target genes face the challenge of
ensuring accuracy, due to high false positive rates. Further, these tools present poor
overlap. However, we demonstrated that it is possible to filter good predictions of
miRNA targets from the bulk of all predictions by using information from the gene
regulatory network. Here, we take advantage of this strategy that selects a large
subset of  predicted microRNA binding sites as more likely  to  possess less false-
positives because of their over-representation in RE1 silencing transcription factor
(REST)-regulated genes from the background of TargetScanHuman 7.2 predictions to
identify  useful  features  for  the  prediction  of  microRNA  targets.  These  enriched
miRNA families would have silencing activity for neural transcripts overlapping the
repressive activity on neural  genes of REST. We analyze properties of associated
microRNA binding sites and contrast the outcome to the background. We found that
the selected subset presents significant differences respect to the background: (i)
lower GC-content in the vicinity of the predicted miRNA binding site, (ii) more target
genes with multiple identical microRNA binding sites and (iii)  a higher density of
predicted microRNA binding sites close to the 3’ terminal end of the 3’-UTR. These
results suggest that network selection of miRNA-mRNA pairs could provide useful
features to improve microRNA target prediction.
2.1.3 Introduction
Post-transcriptional repression of mRNAs by microRNAs (miRNAs) is one of multiple
layers of regulation of gene expression [1]. Since the discovery of the first miRNA,
lin-4 in Caenorhabditis elegans in 1993  [2], more than 2,300 human miRNAs with
numerous  regulatory  functions  have  been  identified  [151].  Particularly,  the
malfunctioning of miRNA regulation has been described as promoting neurological
diseases [210] and various types of cancer [211], among other illnesses [212].

23 

https://doi.org/10.1371/journal.pone.0269731


Estimates suggest that approximately 60% of protein-coding genes in the human
genome  may  be  regulated  by  miRNAs  [213].  However,  miRNA  functional
characterization  is  experimentally  difficult  due  to  their  regulatory  mechanisms,
which are more subtle and less specific than transcription factors and epigenetic
modifications  [214]. This has fueled the development of many bioinformatics tools
for the prediction of miRNA-mRNA interactions [166].
A commonly applied algorithm for detecting miRNA-target genes is based on finding
3’-UTR sequences with conserved sites that are complementary to the seed region
of  broadly  conserved  miRNAs,  following  the  rules  of  Watson-Crick  base  pairing.
Along with the integration of further criteria, such as the conservation of the 3’-UTR
across mammalian species, the presence of complementary sequences around the
matching  seed  and  the  assignment  of  binding  free  energy,  many tools  perform
ranking  of  predicted  miRNA-mRNA  interactions  to  determine  the  probability  of
conserved targeting [42,150,162,215].
Regardless of these efforts, and although the regulatory mechanisms and biogenesis
of  miRNAs  are  well  studied,  the  computational  prediction  of  target  genes  and
binding sites faces the challenge of ensuring accuracy due to false positive rates
reaching 70% [159] and established predictors and databases such as TargetScan,
miRanda  and  miRBase  demonstrate  poor  agreement  [216].  The  lack  of  large
collections  of  validated  miRNA-mRNA  interactions  hampers  the  improvement  of
methods to predict these interactions.
Although transcription factors perform activity on the pre-transcriptional level and
miRNAs  on  the  post-transcriptional  level,  their  systematics  and  effects  exhibit  a
strong resemblance. Transcription factors and miRNAs are crucial components of the
gene regulatory network which operate as trans-acting factors by interaction with
cis-regulatory elements in the target gene [217]. The coordinated action of cell- and
tissue-specific  sets  of  transcription  factors  with  multiple  cis-regulatory  elements
controls development and often determines cell identity. Furthermore, many miRNAs
are described as being exclusively present in specific cell types and having related
functions  [217]. Moreover, the 3’-UTRs of target genes are capable of possessing
multiple  cis-regulatory  elements  for  distant  miRNAs,  indicating  cluster-wise
regulation and coordinated gene repression  [217,218].  Notably, coding genes for
transcription factors and miRNAs regulate each other in feedback and feedforward
loops, hinting at their interaction in a gene regulatory network [179,217], and pairs
of transcription factors and miRNAs coregulating common targets have been noted
[219].
Previously,  we analyzed the overlap between targets of  transcription factors and
targets of miRNAs for the purpose of identifying redundancy in the global regulatory
network and to add support to large subsets of predicted miRNA-mRNA interactions
[141].  Potential  target  genes  for  RE1  silencing  transcription  factor  (REST)  were
identified by the analysis of multiple ChIP-seq datasets for diverse human cell types
[141].  The selected transcription factor  REST has  been found to exert  biological
activity  by  regulating  genes  associated  with  abundant  neuronal  but  also  non-
neuronal  functions  [220].  From  the  background  of  all  miRNA-mRNA  interactions
predicted by TargetScanHuman 6.2  [215], we found 20 broadly conserved miRNA
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families (REST miRNAs) whose targets were over-represented in genes potentially
regulated by REST. Several of these REST miRNAs had been previously described as
contributing to neural  cell  differentiation and tumor suppression in  glioblastoma.
One of  the REST miRNA-mRNA interactions with the highest support,  miRNA-448
with the oncogene PI3KR1, was experimentally validated in our original work [141],
and recent work found reported further effects of this miRNA in the regulation of the
PI3K/AKT signaling pathway through targeting of ROCK1, inhibiting the progression
of retinoblastoma [221].
Under the assumption that the predicted interactions between REST miRNAs and
mRNAs are more accurate than other predictions, we propose that the study of the
differences between these targets and the background of all predicted miRNA-mRNA
interactions  will  point  to  features  characterizing  real  interactions.  Our  aim is  to
discover target features that could be used to improve miRNA target prediction. We
particularly focus on the analysis of the properties of miRNA binding sites in the 3’-
UTR,  thus  attempting  to  reveal  new  features  for  factor-associated  miRNA
predictions.  For  this  purpose,  we study the position of  miRNA binding sites,  the
presence  of  multiple  targets,  and  the  GC-content  around  the  seed  matching
sequence  in  the  3’-UTR.  Considering  that  the  genetic  locus  as  well  as  the
combinatorial activity  [218] and the accessibility of cis-regulatory elements  [222],
play a crucial role in transcriptional regulation, we assume that these features could
also be important for miRNA regulation and could contribute to the improvement of
the prediction of conserved miRNA targeting.
In our study, we compute the over-representation of REST miRNAs for miRNA-mRNA
interactions predicted with the most recent version of TargetScanHuman (version
7.2), which extends the previous prediction model by considering several additional
features when scoring predicted interactions, including the structural accessibility of
the miRNA binding site, global and local nucleotide composition and 3’-UTR length
[158].
2.1.4 Results
We  analyzed  properties  of  predicted  miRNA  binding  sites  for  miRNA  families
targeting  sets  of  genes  enriched  in  genes  that  are  potentially  bound  by  the
transcription  factor  REST  (S2  Table),  in  terms  of  their  position  and  nucleic
environment. For simplicity, hereafter we name these families as REST miRNAs, the
genes predicted to be bound by REST (or their 3’-UTRs) as REST genes (or 3’-UTRs),
and the binding sites pairing REST miRNAs and their targets as REST pairs. We then
contrasted the outcome to predicted miRNA-mRNA interactions for all human genes,
as  annotated  by  TargetScanHuman  7.2  (see  Materials  and  Methods  section  for
details).  Conversely,  we  name  the  set  of  miRNAs  as  TargetScanHuman  (TSH)
miRNAs,  the  3’-UTRs/genes  predicted  to  be  bound  by  TSH  miRNAs  as  TSH
3’-UTRs/genes, and the binding sites pairing TSH miRNAs and their targets as TSH
pairs.  Table 2.1.1 presents an overview of descriptive statistics and calculated p-
values for each analysis.
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Table 2.1.1: Descriptive statistics and p-values for parsed properties of REST-associated miRNA-target
gene pairs (REST) and TargetScanHuman miRNA-target gene pairs (TSH) or TargetScanHuman miRNA-
target gene pairs in REST 3’-UTRs (TSH-REST) (see Materials and Methods for details).

Analysis Dataset N Mean Std. dev. p-value
3’-UTR length REST 2791 4635 nt 3377 nt <0.001

TSH 12989 2482 nt 2098 nt
Distance from 3’-UTR start to miRNA binding site REST 17325 1979 nt 2480 nt <0.001

TSH 103467 1648 nt 1926 nt
Distance miRNA binding site  to 3’-UTR end REST 17325 2650 nt 2713 nt <0.001

TSH 103467 2226 nt 2261 nt
Position of miRNA binding site (relative) REST 17325 0.437 0.325 0.012

TSH 103467 0.444 0.323
GC-content of 3’-UTRs REST 2781 0.39 0.069 <0.001

TSH 12989 0.441 0.095

Distance between multiple miRNA binding sites
REST 2689 1886 nt 2978 nt <0.001
TSH (REST 3’-UTRs) 25946 1932 nt 2594 nt <0.001
TSH 11127 1451 nt 2014 nt

GC-content between multiple miRNA binding sites
REST 2689 0.363 0.087 <0.001
TSH (REST 3’-UTRs) 25946 0.391 0.094 <0.001
TSH 11127 0.402 0.108

2.1.4.1 3’-UTR length
Predictions for REST pairs cover 2,781 target genes and are compared with 12,989
target genes for TSH pairs. The mean length for the 3’-UTR of REST-bound genes is
4,635  nt,  which  is  1.87-fold  greater  than  for  TargetScanHuman  genes  with  an
average length of 2,482 nt. The calculated p-value of <0.001 indicates the statistical
significance  of  the  difference  in  these  means  (Table  2.1.1).  Both  sets  of  genes
present noticeably higher mean than median values, since they exhibit numerous
outliers (Figure 2.1.1A). The histograms for REST-bound genes particularly display a
higher density for 3’-UTRs longer than 3,000 nt and a lower density for 3’-UTRs
shorter  than 2,200 nt  (Figure 2.1.1AB).  The plot  of  the distribution supports  the
statistical assessment that the subset of REST-bound genes with predicted miRNA
binding sites have longer 3’-UTRs than the remaining annotated TargetScanHuman
genes. We take this difference in consideration for the interpretation of the results of
our further analyses.
2.1.4.2 Position of miRNA binding site
We measured the distance from the 3’ and 5’ terminal end of the 3’-UTR to the
predicted miRNA binding site, as well as the relative miRNA binding site position in
the 3’-UTR, for TSH pairs and REST pairs. We found that the mean of the absolute
distance from the 5’ terminal end to the predicted miRNA binding site is significantly
higher for REST pairs, with a p-value of <0.001 (Table 2.1.1; mean distances 1,979
nt and 1,648 nt, respectively) consistently with the significantly longer length of the
3’-UTRs  of  REST-bound  genes.  The  distributions,  however,  display  a  strong
resemblance (Figure 2.1.1C;D).
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Figure  2.1.1:  Properties  of  REST-associated miRNA-target  gene pairs  (REST) and TargetScanHuman
miRNA-target gene pairs (TSH) or TargetScanHuman miRNA-target gene pairs in REST 3’-UTRs (TSH-
REST). (A, B) Distribution of 3’-UTR length. (C, D) Distance from 3’-UTR start to miRNA binding site. (E,
F) Distance from miRNA binding site to 3’-UTR end. (G, H) Relative position of miRNA binding site to the
3’-UTR length. Left side: the box plots indicate median, second and third quartile, mean (white dot) and
standard deviation (whiskers). Right side: kde = kernel density of the corresponding distribution.

Similarly, the mean of the absolute distance from the predicted miRNA binding site
to the 3’ terminal end of the 3’-UTR is significantly higher for REST pairs, with a p-
value of <0.001 (Table 2.1.1; mean distances 2,650 nt and 2,226 nt, respectively)
consistently with the significantly longer length of the 3’-UTRs of REST-bound genes.
Again, however, the distributions present strong similarities (Figure 2.1.1AE;F).
To obtain results independent of the length of the 3’-UTR, we calculated the position
of the miRNA binding site relative to the length of the associated target 3’-UTR. The
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result shows that miRNA binding sites in both REST pairs and TSH pairs are located
on average closer to the 5’ terminal end of the 3’-UTR. The mean position of miRNA
binding sites for REST pairs is 0.437 and for TSH pairs 0.444. The statistical test
yielded a p-value of 0.012, indicating that there were no significant differences for
these  means  (Table  2.1.1).  This  result  is  consistent  with  the  graphical
representations  of  the  distributions,  which  present  strong  similarities  (Figure
2.1.1AG;H).
All in all, miRNA binding sites for REST pairs are observed to have a greater absolute
distance to the 5’ and 3’ terminal end of their 3’-UTRs, consistent with the longer
length of observed REST 3’-UTRs, as well as a very similar position, relative to the
3’-UTR length.
2.1.4.3 GC-content around predicted miRNA binding sites
The GC-content around predicted miRNA binding sites was calculated for 50 nt bins
in the range 500 nt before and after the site (Figure 2.1.2A). This analysis revealed a
notable decrease in GC-content towards the predicted miRNA binding site for all
subsets,  which  was  more  marked  in  the  REST  miRNA-target  pairs  than  in  TSH
miRNA-pairs  (Figure  2.1.2A;  orange  and  gray  bars,  respectively).  However,  the
differences in the leftmost and rightmost values suggested that REST 3’-UTRs have
a lower GC background content and, additionally, that the GC background content
has a decreasing gradient that must be appreciable in a 1000 nt region. To test this
hypothesis, we computed these backgrounds using 1000 nt regions taken at random
positions from all REST 3’-UTRs and from all TSH 3’-UTRs, respectively. We obtained
the expected results (lower GC content in REST 3’-UTRs and decreasing values from
5’ to 3’; Figure 2.1.2B).
To test that the differences in GC content variation surrounding REST miRNA and
TSH miRNA pairs are not just due to differences in 3’-UTR properties, we examined
separately the GC-content surrounding TSH miRNA pairs in REST 3’-UTRs (red bars in
Figure  2.1.2A)  and  confirmed  that  their  decrease  in  GC  contents  is  also  less
pronounced than that for REST miRNA pairs.
Interestingly, we observed the largest drop in GC-content in the 50 nt bin right after
the  miRNA  binding  site,  which  could  be  a  property  used  to  improve  miRNA
predictions.
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Figure 2.1.2: GC-content in the vicinity of predicted miRNA binding for subsets of miRNA-mRNA pairs.
(A) GC-content relative to the distance around the miRNA binding site for REST pairs, TSH pairs and
TSH pairs in the 3’-UTRs of REST regulated genes (TSH pairs in REST 3’-UTRs). (B) Background GC
content for REST 3’-UTRs and TSH 3’-UTRs (see Methods for details). The error bars indicate the 99%
confidence interval.  (C) Kernel density estimation for the distribution of GC-content values between
pairs of miRNA binding sites for the same miRNA family. Values obtained from TSH pairs, TSH pairs in
REST 3’-UTRs and REST pairs.

2.1.4.4 Presence of multiple predicted binding sites of a given miRNA family
Many 3’-UTRs possess multiple miRNA binding sites for the same miRNA family. For
the  set  of  TSH  pairs,  we  identified  7,871  miRNA-target  gene  combinations  with
multiple miRNA binding sites within the target 3’-UTR. Furthermore, we observed
1,855 out of 15,009 miRNA-target gene pairs with more than one predicted binding
site of the same miRNA family in the set of predicted REST pairs. In fact, all  67
miRNA  families  that  are  enriched  in  the  subset  of  REST  regulated  genes  have
multiple binding sites in the 3’-UTRs of the target genes.
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p-values  were  calculated  using  the  Fisher’s  exact  test,  to  test  for  statistically
significant differences in the proportions of target genes with at least one predicted
binding site and target genes with multiple binding sites, between REST pairs and
TSH  pairs.  The  analysis  returned  a  p-value  of  <0.001,  concluding  statistical
significance (S4 Table). We also computed p-values for the proportion of multiple
binding sites for each miRNA family enriched for REST-bound genes, compared to
the observation of TSH pairs. A total of 36 out of 67 enriched miRNA families present
a  statistically  significant  difference  (p-value  <0.05)  for  the  proportion  of  target
genes  with  multiple  miRNA  binding  sites  for  the  same  family,  compared  to
background predictions for  all  considered miRNA-mRNA interactions.  Remarkably,
the 21 REST miRNA families with the largest number of associated miRNA-target
gene  pairs  (277  or  more)  show  significance  (S4  Table).  This  suggests  that  the
presence of multiple miRNA binding sites for the same family is a good predictor of
miRNA binding sites.
2.1.4.5 Distance and GC-content between multiple predicted binding sites
We further examined properties from previously identified multiple binding sites for
a given miRNA family in 3’-UTRs, in terms of distance and GC-content. The mean of
the distance between multiple miRNA binding sites for the subset of REST pairs is
1,886 nt, whereas the mean for TSH predictions is 1,451 nt. However, this difference
could be due to the longer length of REST 3’-UTRs (Figure 2.1.1A). In fact, the mean
of the distance between multiple miRNA binding sites for TSH predictions in REST 3’-
UTRs is 1,932 nt, which is very close to the value observed for REST pairs (Table
2.1.1).
We then computed the GC-content  between multiple  binding sites for  the same
family. The distributions of values are shown in Figure 2.1.2C. The average value is
slightly lower for REST pairs than for TSH pairs (0.363 and 0.402, respectively; Table
2.1.1) and this is reflected in the distributions of values (orange and black curves,
respectively; Figure 2.1.2C). This difference is not just due to the differences in GC
content of the 3’-UTRs, since TSH pairs in REST 3’-UTR do have a higher average GC
content of 0.391 (Table 2.1.1) and a distribution shifted to higher values (red curve;
Figure 2.1.2C) compared to that of REST pairs. This confirms that lower GC content is
a good predictor of miRNA binding sites, particularly between pairs of miRNA binding
sites for the same family.
2.1.5 Discussion
Predictions of miRNA binding sites are not very accurate and are likely to include
many false positives. Our hypothesis is that, given a subset of predictions assumed
to be enriched in true positives, one could use it to compare its properties with those
of the background of predictions to learn discriminant properties. For this strategy to
have any chance of success, the selected subset needs to be significantly large. The
largest databases that annotate experimentally supported target genes for human
miRNAs,  DIANA-TarBase  v.8  and  miRTarBase,  overlap  only  about  10%  [223].
Moreover, these databases contain indirect interactions that could originate from
outside the 3’ UTR, with less strong evidence from high-throughput experiments,
making these databases unsuitable candidates for our study.
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In  this work,  we take advantage of  an integrative approach that selects  a large
subset  of  predictions  as  more  likely  to  be  true  because  of  their  enrichment  in
transcription factor-regulated genes.  This assumption is supported by the finding
that the majority of microRNA families with validated high confidence interactions
from miRTarBase are enriched in their targets with at least one specific transcription
factor  [224].  The  redundancy  in  transcription  factors  and  microRNA-associated
targets could then be used to select for true interactions in biologically significant
pathways  [224], which highlights the potential of integrating network data for the
selection of predictions with less false-positives.
Here we focused our analysis  on miRNA families  with targets  enriched for REST
targets. The transcription factor REST is a repressor that could be expected to have
activity correlated to some miRNA families. Indeed, activity of miR-203 and REST co-
regulate gene expression related to neuronal activity [225]. Additionally, miR-26 and
miR-132 have been reported to target  REST and its  complex by participating in
networks by negative feedback loops in neural tissue and controlling neurogenesis
[226,227].
Our strategy found 67 miRNA families with targets enriched in REST-regulated genes
(S2 Table; see Methods and Materials for details). The targets of these 67 miRNA
families in REST-regulated genes (S3 Table) constituted therefore our subset (REST
pairs) to be compared to a background consisting of all other target predictions from
TargetScanHuman 7.2 (TSH pairs).
Interestingly, REST pairs have more experimental support than TSH pairs (17.9% to
14.3%)  according  to  DIANA-TarBase  v.8  [156];  this  difference  increases  when
considering only the miRNAs reported in DIANA-TarBase v.8 (25.2% to 20.5%).
Since the 3’-UTR is  the genetic  region of  the mRNA that  contains cis-regulatory
elements for miRNA regulation, we compared its length in the subset of putative
REST-regulated genes with its length in all genes that have predicted miRNA binding
sites, according to TargetScanHuman 7.2. We validated the prior observation that
the 3’-UTRs of the set of REST-bound genes are significantly longer than those of the
background [141] (Table 2.1.1; Figure 2.1.1A;B).
Position-specific analysis of miRNA binding sites in the 3’-UTRs of REST genes and
TSH genes  indicated that  the predicted sites are  located close to  the 3’  and 5’
terminal  ends,  relative  to  the  3’-UTR  length,  more  often  than  in  the  middle.
Predictions for REST genes demonstrated a slightly higher density for the relative
position of 0.8 and downstream (Figure 2.1.1H). Since for long 3’-UTR’s (>1300 nt),
regions  near  the  3’-UTR terminals  have  been reported  to  carry  more  frequently
conserved targeting sites [228], this finding is consistent with our assumption of a
good selection of binding sites.
Moreover, we demonstrated that the subset of REST pairs has a continuous lower
GC-content in the area surrounding the predicted target site, even when contrasting
REST pairs with TSH pairs situated in REST 3’-UTRs. GC-poor, respectively AU-rich,
3’-UTR regions  in  close  vicinity  to  miRNA binding  sites  have  been  described  as
correlating with target efficiency in multiple ways, such as by destabilizing mRNA
and impeding the formation of  stable  and functional  secondary structures,  thus,
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providing  accessible  miRNA binding sites  [228–230].  We conclude that  the even
lower  GC  content  of  REST  pairs  is  consistent  with  our  expectation  that  their
predictions are more accurate than those of all TSH pairs.
Our results also revealed that REST pairs include significantly more target genes
with multiple miRNA binding sites for a particular miRNA family than TSH pairs, as a
proportion of the sum of target genes, suggesting that this feature is predictive of
miRNA  target  sites.  Multiple  binding  sites  for  the  same  miRNA  might  provide
resistance  against  changes  in  the  environment  and  accessibility,  thus  ensuring
regulatory  efficiency.  The  observation  that  21  miRNA  families,  with  the  most
predicted miRNA-mRNA interactions for REST pairs, display statistically significantly
more target genes with multiple miRNA binding sites than the background hints at
redundancy of the gene regulatory network and supports our assumption that our
selection of transcription factor associated miRNA families and related predictions
possess less frequent false positive predictions.
The analysis of GC-content between multiple miRNA binding sites provides another
feature that separates REST pairs.  We found lower GC-content between multiple
miRNA binding sites for REST pairs than for TSH pairs and TSH predictions in REST
3’-UTRs (Figure 2.1.2C). Lower GC content might enable RNA-protein interaction by
preventing stable secondary structure and this property can be taken as indicating
good target predictions.
Our approach has revealed properties  for  miRNA families  that  are enriched in a
subset of genes bound by the transcription factor REST, which indicate regulatory
network interaction and clustered gene repression on the post-transcriptional level
by miRNAs. To the best of our knowledge, our work represents the first attempt that
selected large subsets of miRNA targets of different quality, based on the integration
of miRNA-target relations with data from the network of transcriptional regulation, to
collect features for the prediction of miRNA targets.
Our study has a number of limitations, including potential bias in the predictions
used,  and  that  our  exploration  used only  ChIP-seq  data  regarding REST targets.
Considering possible expansions of our approach, it is worth noting that we were
able to provide a statistical  assessment of significance given the relatively large
number of genes targeted by REST. Using our approach with ChIP-seq or any other
type of DNA-binding data for other transcriptional regulators will possibly only work
for factors that regulate as many genes as REST does; these are not abundant. This
means that extending the type of integrating method proposed here will need to add
complexity,  for  example  by  pooling  data  for  multiple  factors  and/or  considering
other indirect regulatory connections.
The reward of testing further network-based selections of miRNA targets is that our
results could receive further support if the above-mentioned characteristics of GC-
content and miRNA binding sites were detected for further transcription factors or
network  contexts.  Network-based selection  of  miRNA-mRNA pairs  can  potentially
provide further features to improve the algorithms used in miRNA prediction tools to
ensure identification of conserved miRNA targeting.
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2.1.6 Materials and methods
2.1.6.1 Datasets
2.1.6.1.1  Human 3’-UTR sequences
TargetScanHuman 7.2 provides sequences for representative human 3’-UTRs based
on GENCODE annotations with most 3P-seq tags. A total of 12,989 human 3’-UTRs
were considered in the analysis.
2.1.6.1.2  miRNA binding site predictions
miRNA binding site predictions for annotated human 3’-UTRs were obtained from
TargetScanHuman  7.2.  The  predictions  were  based  on  finding  complementary
conserved mRNA sequences to the seed region of miRNAs (2–8 nt) and were ranked
by the integration of further criteria [158]. To minimize biases in the predictions of
TargetScan that could affect our analyses, we considered only predictions for broadly
conserved miRNA families (conserved across most vertebrates) with miRNA targets
conserved  between  human  and  mouse.  The  outcome  comprises  219  broadly
conserved miRNA families and 109,249 unique miRNA-target gene pairs for 120,702
predicted miRNA binding sites in human 3’-UTRs. TargetScanHuman 7.2 predictions
and  3’  UTR  sequences  are  publicly  available  and  can  be  downloaded  from
http://www.targetscan.org/vert_72.
2.1.6.1.3  REST target genes
We previously assigned target genes to the repressor REST by analyzing ChIP-seq
datasets of 15 different cell  types, including both neural  and non-neural. In total
12,344 genes that are potentially regulated by REST were identified [141].
2.1.6.1.4  Over-represented miRNA families for REST target genes
To determine the overlap between targets of miRNAs and transcription factors, we
calculated  the  over-representation  of  broadly  conserved  miRNA  families  for  the
subset of REST-bound genes, from the background of all TargetScanHuman genes
with predicted miRNA binding sites as previously described  [141]. Briefly, for one
ChIPseq dataset, given n REST-bound genes and m of them predicted to be target of
a particular miRNA A, we randomly take n genes from the set of all  genes with
predicted  TargetScan  miRNA targets  10,000  times  and count  for  the  number  of
targets for miRNA A (z). To correct for the fact that REST-bound genes could have a
higher tendency to have miRNA targets (e.g. due to longer 3’UTRs) we compute a
factor (r) to correct z, which is the ratio between the number of all miRNA targets
found in the n REST-bound genes and the number of all miRNA targets found in the
random set of n genes. Then we multiply z by r to obtain the corrected value z*. This
is repeated 10,000 times and we count how many times z* is smaller than m. The
number of positive tests divided by the number of tests (10,000) is then taken as p-
value of  enrichment of  miRNA A targets in  the REST-bound genes.  Computed p-
values  were  corrected  for  multiple  testing  using  the  Benjamini  and  Hochberg
method (S1 Table). The significance level for adjusted p-values was set to 0.05. The
analysis resulted in 67 miRNA families with a number of predicted miRNA binding
sites in the subset of potentially REST-regulated genes that was significantly higher
than the background (S2 Table).
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2.1.6.1.5  Sets of miRNA-target gene pairs
For the purpose of studying the properties of miRNA binding sites in factor-bound
genes,  two sets  of  miRNA-target  gene pairs  were analyzed further.  The first  set
comprised  over-represented  miRNA families  for  potentially  REST-regulated  genes
that contain predicted miRNA binding sites according to TargetScanHuman 7.2; this
includes 15,009 unique REST-associated miRNA-target gene pairs (REST pairs) (S3
Table).  The  second  set  covered  94,240  unique  predictions  for  TargetScanHuman
miRNA-target gene pairs (TargetScanHuman pairs), after excluding predictions of the
first  set  from  the  background  of  all  considered  miRNA  predictions  listed  in
TargetScanHuman 7.2.
2.1.6.2 Statistics
In  order  to  test  statistical  significance  regarding  the  difference  between  the
proportion of target genes with one and multiple predicted binding sites between
TargetScanHuman pairs and REST pairs, p-values were calculated using the Fisher’s
exact test [231].

Figure 2.1.3:  Illustration of p-value calculation by conducting 10,000 random tests for the statistical
comparison of two sample means.
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We also evaluated the significance of differences in several properties between REST
miRNA-target gene pairs (REST pairs in REST-bound genes) and TargetScanHuman
miRNA-target gene pairs (REST pairs in all genes considered in TargetScanHuman).
These properties were distance from 3’UTR-start  to miRNA binding site,  distance
from 3’UTR-end to miRNA binding site and relative position of the miRNA binding site
in the 3’UTR. Statistical significance in terms of p-values was computed as described
in the next paragraph (illustrated in Figure 2.1.3).
For  each group of  miRNA-target  gene pairs  to  be compared (REST miRNA-target
gene pairs and TargetScanHuman miRNA-target gene pairs), we obtained nA and nB
values (for measured distances or GC-content), respectively. Means of the values (x
and y, respectively) were calculated to produce the ratio value z = x / y. To produce
random test ratios, we picked nA and nB values at random 10,000 times from the
corresponding complete datasets of targets (all miRNA-targets in REST genes and all
miRNA-targets  in  TargetScanHuman  genes),  without  replacement.  Means  of  the
sampling values (x* and y*, respectively) were calculated to produce the random
test ratio z* = x* /  y*.  Next,  we examined whether the deviation from one was
greater for z* than for z. For z > 1 we checked whether z*> z and took the number
of successful tests divided by 10,000 as the p-value. In the case of z < 1 we defined
a successful test as z*< z and calculated the p-value identically. The significance
level was set to 0.05.
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2.2 Unveiling cell-type-specific microRNA networks through alternative
polyadenylation in glioblastoma 

2.2.1 Preamble 
This chapter is published in the journal BMC Biology: 
Cihan, M., Schmauck, G., Sprang, M., & Andrade-Navarro, M. A. (2025). Unveiling
cell-type-specific  microRNA  networks  through  alternative  polyadenylation  in
glioblastoma. BMC biology, 23(1), 15. https://doi.org/10.1186/s12915-024-02104-8
The  supplementary  files  associated  with  this  publication  are  available  on  the
publisher’s website via the article’s DOI.
2.2.2 Abstract
2.2.2.1 Background
Glioblastoma multiforme (GBM) is characterized by its cellular complexity, with a
microenvironment  consisting  of  diverse  cell  types,  including  oligodendrocyte
precursor  cells  (OPCs)  and  neoplastic  CD133 + radial  glia-like  cells.  This  study
focuses on exploring the distinct cellular transitions in GBM, emphasizing the role of
alternative  polyadenylation  (APA)  in  modulating  microRNA-binding  and  post-
transcriptional regulation.
2.2.2.2 Results
Our  research  identified  unique  APA  profiles  that  signify  the  transitional  phases
between neoplastic cells and OPCs, underscoring the importance of APA in cellular
identity  and  transformation  in  GBM.  A  significant  finding  was  the  disconnection
between differential APA events and gene expression alterations, indicating that APA
operates as an independent regulatory mechanism. We also highlighted the specific
genes in neoplastic cells and OPCs that lose microRNA-binding sites due to APA,
which  are  crucial  for  maintaining  stem  cell  characteristics  and  DNA  repair,
respectively. The constructed networks of microRNA-transcription factor-target genes
provide insights into the cellular mechanisms influencing cancer cell survival and
therapeutic resistance.
2.2.2.3 Conclusions
This study elucidates the APA-driven regulatory framework within GBM, spotlighting
its  influence  on  cell  state  transitions  and  microRNA  network  dynamics.  Our
comprehensive analysis using single-cell  RNA sequencing data to investigate the
microRNA-binding sites altered by APA profiles offers a robust foundation for future
research, presenting a novel approach to understanding and potentially targeting
the complex molecular interplay in GBM.
2.2.3 Background
Glioblastoma multiforme (GBM) is recognized as the most aggressive and prevalent
primary brain tumor in adults, posing significant challenges in neuro-oncology [97].
A key aspect in  understanding the pathogenesis of  GBM is identifying its cell  of
origin.
The  observed  heterogeneity  in  GBM  points  to  various  theories,  including  the
prominence of glial  progenitor cells and the stem cell  hypothesis  [232–234]. The
latter suggests a subpopulation of stem cells within tumors that are characterized by
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their  ability  to  propagate  tumors,  self-renew,  differentiate  into  multiple  lineages,
express specific markers, exhibit low frequency, and resist drugs [235–238].
Recent research has revealed the presence of a subset of CD133 + radial glia-like
cells in adult human glioblastomas, which exhibit characteristics similar to normal
human fetal radial glia. These cells exist in various states, ranging from dormancy to
active cycling, highlighting their significant role in the dynamics of tumor growth and
maintenance [239].
Additionally, CD133 + cells, known for expressing genes associated with radial glial
and neural crest cell development, have been implicated in the seeding of recurrent
GBM tumors. These recurrent tumors display a diverse array of properties, including
both neural and mesenchymal traits [240,241].
The inherent capacity of radial glia-like cells to transdifferentiate demonstrates the
plasticity  and  adaptability  of  tumor  cells  to  microenvironmental  cues,  which
complicates the dynamics of GBM progression and therapy resistance.
Experimental evidence has further elucidated the potential of these radial glia-like
cells to differentiate into oligodendrocyte precursor cells (OPCs). Specifically, radial
glia-like cells derived from human pluripotent stem cells have shown an enhanced
capacity for oligodendrocyte lineage commitment, especially under the influence of
specific  growth  factors,  highlighting  their  adaptability  and  importance  in
neurogenesis  [242].  Additionally,  it  has  been  found  that  pre-OPCs  express
neurogenic  outer  radial  glia  cell  markers,  indicating  a  lineage  relationship  and
suggesting a complex interplay in the development of neural cell types [243,244].
Within the dynamic landscape of the GBM tumor microenvironment, especially at
the tumor borders, OPCs assume a critical role. These cells significantly contribute to
the cellular architecture and intricacies of the tumor periphery, thereby influencing
the neoplastic trajectory. OPCs, in concert with macrophages, construct a specialized
microenvironmental  niche that  perpetuates the stemness of  GBM cells  and their
resilience against therapeutic interventions [112,113].
The cellular and molecular heterogeneity of  GBM underscores the importance of
gene regulation  in  its  progression.  Notably,  microRNAs play  a  significant  role  in
oligodendrocyte differentiation [245] and within the tumor microenvironment [246].
MicroRNAs  like  miR-219-5p,  miR-219–2-3p,  and  miR-338-3p  show  heightened
expression at the tumor fringes, indicating an abundant presence of oligodendrocyte
lineage cells in these regions, a strong contrast to their sparse distribution within the
central  tumor  mass  [98,112].  The  role  of  these  microRNAs  is  multifaceted  and
extends  into  various  biological  processes;  they  actively  modulate  the  immune
response,  reshape  the  epigenetic  environment,  and  alter  the  dynamics  of  GBM
subpopulations.  This  broad  spectrum  of  activity  affects  everything  from  cell
proliferation to programmed cell death, significantly impacting tumor behavior and
patient outcomes [100,247–249].
An additional critical aspect that must be considered to understand the mechanisms
by which microRNAs regulate cellular transitions in GBM is the role of microRNA-
binding through alternative polyadenylation (APA) modification of the 3' untranslated
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regions (UTRs) of target mRNAs. APA can alter microRNA-binding sites by shortening
or extending the UTRs [250]. In cancer cells, the shortening of 3' UTRs compared to
normal  tissue  may  enhance  mRNA  stability  and  subsequently  affect  microRNA-
mediated gene regulation [117].
However,  a  comprehensive  understanding  of  regulatory  mechanisms  controlling
microRNA binding cannot  be explained by APA alone and needs to consider  the
interplay with other regulatory elements. This requirement for precision often leads
to functional synergy with transcription factors, orchestrating a layered regulatory
network  [141,251].  This  complex  interplay  can  be  studied  as  the  body of  feed-
forward loops (FFLs), sophisticated networks composed of microRNAs, transcription
factors (TFs), and their target genes. FFLs play a crucial role in cellular proliferation,
tumor  formation,  inhibition  of  cellular  aging  processes,  and  are  used  for
classification of subtypes in oncological research [177,252–255].
In this study, we investigate the complex regulatory framework of GBM, emphasizing
the intricate dynamics between microRNAs, APA, and FFLs. We seek to illuminate the
role of microRNAs in influencing the fate of neoplastic radial-glia-like cells and their
potential transdifferentiation to OPCs, employing single-cell RNA sequencing data.
By examining APA dynamics and the shifts in microRNA-binding sites,  we aim to
understand  how  these  molecular  alterations  impact  cell  fate  decisions  and
transitions in GBM. We particularly focus on building cell-type-specific FFL networks,
which  will  provide  a  detailed  view  of  the  co-regulatory  interactions  involving
microRNAs and their contribution to the complex cellular ecosystem of GBM. Our
analysis  includes  constructing  pseudotime  trajectories  to  model  the  progression
paths of individual cell clusters within the tumor. This approach aims to unravel the
subtleties of APA dynamics, cellular shifts, and the broader implications for cell fate
and tumor heterogeneity in GBM.
2.2.4 Results
2.2.4.1 APA reveals an additional regulatory layer in GBM cellular heterogeneity
In  order  to  study  the  role  of  APA  in  gene  regulatory  networks,  including  its
dysregulation in a cancer setup, we chose to investigate single-cell RNA samples
from  GBM.  Batch  effect  correction  was  critically  applied  to  single-cell  RNA
sequencing data from three distinct GBM samples: GBM27, GBM28, and GBM29 (see
“ Methods” for details). As delineated in Figure 2.2.1a, this methodological step was
imperative  for  normalizing  across  disparate  samples,  thereby  ensuring  a  robust
integration and comparative analysis of cell populations. Cell  clustering based on
gene  expression  profiles  coupled  with  literature-derived  cell  type  annotations
resulted in the identification of distinct cellular contingents within the GBM milieu,
specifically  neoplastic  cells,  OPCs,  endothelial  cells,  macrophages,  and
oligodendrocytes, as depicted in Figure 2.2.1b (Additional file 1: Table S1). Notably, a
substantial proportion of the cells were categorized as OPCs or neoplastic cells. To
quantitatively assess the proximity of neoplastic cells to OPCs, we calculated the
mean Euclidean distance from the neoplastic centroid to each cell in target clusters
in PCA space. The results showed that the neoplastic-OPC distance (mean: 23.96,
standard deviation [SD]: 7.12) was notably shorter than distances to other clusters:
macrophages (mean: 50.15, SD: 10.9),  endothelial cells (mean: 49.99, SD: 11.0),
and oligodendrocytes (mean:  42.0,  SD:  16.5).  This  marked reduction in  distance
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highlights a distinct spatial alignment between neoplastic cells and OPCs, reinforcing
a potential transitional relationship or shared lineage characteristics between these
cell types.
In an innovative twist to traditional clustering approaches, cells were also clustered
based on their APA profiles and colored in the gene expression-based UMAP. This
analysis revealed an APA cluster 1, intriguingly interspersed between the OPC and
neoplastic cells, as shown in  Figure 2.2.1c and further supported in  Figure 2.2.1e.
This interposition suggests an overlap in APA patterns between these cells, despite
their distinct placements when clustered by gene expression. While the majority of
genes in the dataset exhibited a singular APA site, a total of 16.6% of genes featured
multiple  APA  sites  (Figure  2.2.1d).  To  validate  the  APA  events  identified,  we
compared genes with multiple APA sites to PolyASite v2.0  [256] and PolyA_DB 3
[257]. Our results showed high overlap: 89.22% of genes with multiple APA sites in
our dataset were also present in PolyASite, and 91.49% were found in PolyA_DB.
Notably,  only  142  genes  were  not  captured  by  either  database.  These  findings
validate  the  robustness  of  our  analysis  and  highlight  the  near-comprehensive
coverage  provided  by  these  databases.  This  revelation  hints  at  a  layer  of  post-
transcriptional regulation that warrants further investigation.
Upon examining the relationship between differential gene expression and APA site
variability, it became evident that most genes that are differentially expressed are
not subject to differential APA, and conversely, genes with differential APA are not
predominantly differentially expressed (Figure 2.2.1f). This apparent lack of overlap
underlines a critical nuance; APA does not directly mirror gene expression changes
but  rather  provides  an  additional  layer  of  information,  possibly  affecting  gene
expression stability, localization, and protein translation efficiency. This realization
emphasizes APA as a distinct,  regulatory axis that complements traditional  gene
expression analysis.
Focusing on differential  APA events among neoplastic,  OPC, and oligodendrocyte
clusters, it was observed that significant differential APA events do not necessarily
correlate with large changes in gene expression in the clusters of OPC vs neoplastic,
as  exemplified  in  Figure  2.2.1g  (log2  fold  change).  This  observation  is  pivotal,
suggesting  that  while  APA  might  not  always  dramatically  shift  gene  expression
levels, it could still be critically modulating gene function and cell state in a more
subtle  or  context-dependent  manner.  Differential  APA  events  between  OPC  and
neoplastic cells were particularly observed for RPS3, DVL3, DEF8, EGFR, OLFM1, and
GRB2.
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Figure  2.2.1:  Single-cell  clustering,  APA  events,  and  differential  expression  analysis.  a  UMAP  plot
showing  single-cell  clustering  post  batch effect  correction,  colored by  sample origin.  b  UMAP plot
depicting cell clustering results, colored by annotated cell types. c UMAP visualization of cell clusters
and colored based on clustering results applied on APA matrix. d Histogram indicating the number of
APA sites per gene. e Heatmap showing the overlap between APA and gene expression clusters. f Bar
chart comparing the total differential expression event counts for each cell cluster vs. all other cell
clusters.  g  Volcano  plots  showing  differential  gene  expression  differences  between  cell  types.  h
Visualization of APA site variation for gene GBR2 across OPCs and neoplastic cells generated from BAM
files.
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The differential usage of the APA site 1 in GRB2, more frequently used in OPC than in
neoplastic cells as evidenced in Figure 2.2.1h, highlights APA’s potential impact on
microRNA  regulation.  This  trend  might  suggest  a  mechanism  where  shorter
transcripts  in  OPCs  resulting  from preferential  APA  site  usage  reduce  microRNA-
binding  opportunities,  reflecting  the  interaction  between  APA  and  post-
transcriptional regulation within GBM’s cellular diversity. To further explore the role
of  APA-regulatory  genes  in  GBM  cellular  heterogeneity,  we  analyzed  genes
annotated under the Gene Ontology terms GO:0031124 (mRNA 3' processing) and
GO:0110104 (mRNA alternative polyadenylation) to determine whether these genes
exhibited significant differential APA events. Among the 29 identified APA-regulatory
genes, 26 significant differential APA events were detected across 10 genes. These
events were distributed across cell clusters, with 9 observed in the OPC cluster, 4 in
the neoplastic cluster, 12 in the macrophage cluster, and 1 in the endothelial cluster
(Additional file 2: Table S1-S6). Interestingly, only two of the APA regulatory genes,
CPSF4 and ZC3H3, were among the highly variable genes used in the original PCA
for clustering. However, none of these genes exhibited significant differential APA
site usage, suggesting that their inclusion in the PCA was driven solely by expression
variability  rather  than  APA  dynamics.  This  lack  of  representation  among  highly
variable  genes  highlights  a  limited  contribution  of  APA  regulatory  genes  to  the
overall clustering process.
2.2.4.2 Coordinated microRNA-binding site avoidance by APA highlights cell-specific

regulatory strategies in GBM
Investigation  into  the  loss  of  microRNA-binding  sites  due  to  APA  uncovers  a
sophisticated  landscape  of  evasion  strategies  within  the  GBM  tumor
microenvironment. Analysis of cell-specific microRNA avoidance reveals that OPCs
and  neoplastic  cells  selectively  evade  distinct  sets  of  microRNA families  (Figure
2.2.2a). For OPCs, out of the 912 microRNA families analyzed, 334 were avoided
significantly by APA, whereas neoplastic cells show a significant avoidance in 192
microRNA families. This targeted avoidance is exclusive to each cell type, with no
microRNA family found to be commonly avoided across both OPCs and neoplastic
cells. However, both OPCs and neoplastic cells share significantly avoided microRNA
families  with  other  cell  types  (Figure  2.2.2a).  Such  specificity  in  the  regulatory
landscape suggests  that  it  may contribute to a complex adaptive mechanism of
post-transcriptional regulation orchestrated by APA, which may underpin the cellular
heterogeneity observed in GBM. This avoidance is not merely a binary event; several
genes  are  involved  in  avoiding  microRNA-binding  sites  across  multiple  clusters.
Specifically, 773 genes are involved in avoiding microRNA-binding sites across both
OPC and neoplastic clusters exclusively, suggesting a subset of regulatory processes
that  are  critical  to  both cell  types (Figure 2.2.2b).  In  contrast,  genes exclusively
avoiding significant microRNA families in OPCs number 1404, whereas neoplastic
cells have a unique set of 196 genes engaged in such avoidance.
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Figure 2.2.2: MicroRNA-binding site loss and GO term enrichment of APA events. a Heatmap displaying
microRNA families with statistically significant loss of binding sites due to APA across cell clusters. 
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Figure 2.2.2 (continued): b Venn diagram presenting the overlap of  genes losing microRNA-binding
sites in each cell  cluster. c Network of  GO terms and respective genes illustrated for different cell
clusters. d Manually curated GO term enrichment results highlighting significantly enriched biological
processes and molecular functions in different clusters

The  GO  term  analysis  for  these  genes  reveals  a  profound  involvement  in  key
processes  and  functions.  In  neoplastic  cells,  genes  associated  with  “positive
regulation of cell morphogenesis involved in differentiation” and “regulation of cell
morphogenesis”  present  significant  APA  events.  This  suggests  an  APA-mediated
emphasis  on  maintaining  differentiation  potential  within  neoplastic  cells.
Furthermore,  “nuclear-transcribed  mRNA  poly(A)  tail  shortening”  is  a  notable
process, with 18 genes involved, which may indicate APA’s significant role in the
regulation of mRNA stability and turnover, essential for the dynamic cellular states
in neoplastic cells (Figure 2.2.2c;d). Among the genes associated with this GO term,
MLH1, CNOT3, TOB1, and PARN are exclusively associated with neoplastic cells.
Furthermore, in neoplastic cells, the significant enrichment of genes in processes
such as “cell growth” and “stem cell population maintenance” points to a strategic
use of APA in supporting the malignant phenotype (Figure 2.2.2d). These genes are
crucial  in  sustaining  proliferative  capacity  and  adaptability,  with  APA  potentially
acting as a regulatory buffer to mitigate the effects of oncogenic stress on these
cells.
The  molecular  function  analysis  aligns  with  these  biological  processes.  For
neoplastic clusters, the significant evasion of microRNA regulation by APA is linked
to “RNA polymerase activity,”  “double-stranded RNA binding,” and “transcription
coactivator binding.” These significant ratios indicate APA’s potential influence on
transcriptional  regulation,  with  possible  implications  for  cellular  identity  and
response to environmental cues. Moreover, functions like “damaged DNA binding”
and “p53 binding” for OPC suggest a role for APA in modulating the DNA damage
response and interactions with tumor suppressor networks (Figure 2.2.2d).
2.2.4.3 APA-mediated microRNA regulation in cell-type-specific networks and feed-

forward loops
To further investigate the influence of microRNA regulation and APA on GBM, we
delved into the intricacies of regulatory networks, focusing on simple feed-forward
loops (SFFLs) and module feed-forward loops (MFFLs). SFFLs represent regulatory
motifs that consist of three-node interactions among microRNA, TF, and gene, where
the gene is regulated by both the TF and the microRNA, with additional interactions
involving TF regulating microRNA, microRNA regulating TF, or both. MFFLs extend
this  concept  by  incorporating  multiple  such  SFFLs  into  a  larger,  interconnected
network, enabling a more complex and robust regulatory framework (see “ Methods”
for details). This exploration is particularly pertinent given the observed enrichment
of  “transcription  coactivator  binding”  in  the  GO  terms,  suggesting  a  complex
interplay of transcriptional regulation within the tumor's cellular milieu.
In the explored GBM dataset, our analysis revealed a total of 3558 significant SFFLs.
The neoplastic cluster accounted for the highest number with 382 SFFLs, followed by
the OPC cluster with 277. Within these significant networks, 83 SFFLs in the OPC and
30 in the neoplastic cluster were associated with microRNA-binding site loss due to
APA.  The  other  cell  types—oligodendrocytes,  endothelial,  and  macrophages—
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presented 62, 37, and 198 SFFLs, respectively, reflecting their unique contributions
to the complex regulatory milieu of GBM.
Further  dissecting  the  specificity  of  SFFLs  within  GBM,  the  upset  plot  analysis
identified cell-type-specific loops: neoplastic cells exhibited 168 unique SFFLs, OPCs
had 86, and macrophages showed 87. Additionally, an overlap was observed with 82
SFFLs shared between neoplastic and OPC cells, indicative of potential regulatory
intersections between these cell types (Figure 2.2.3a).
The analysis of MFFLs revealed 91 networks in the neoplastic cluster, the highest
number  across  all  cell  types,  and  77 in  the  OPC cluster.  Neoplastic  cells  had  a
slightly lower count of central TF node MFFLs at 15, compared to 16 in the OPC
cluster. In contrast, the OPC cluster showed a significant occurrence of microRNA-
binding  site  loss  due  to  APA  in  41  microRNA-centric  MFFLs.  The  counts  for
oligodendrocytes,  endothelial,  and  macrophages  were  19,  9,  and  57  MFFLs,
respectively, each with their own set of MFFLs affected by APA, illustrating the cell-
specific  regulatory  strategies  within  the  GBM  tumor  microenvironment  (Figure
2.2.3b).
Pathway profiling of OPC and neoplastic cell clusters, derived from MFFL analysis,
reveals distinct biological pathways relevant to each cluster’s role in GBM. OPCs are
associated with neurodegenerative diseases and glioblastoma signaling pathways,
highlighting their versatile nature. The BDNF signaling pathway’s presence in OPCs
may be pivotal for neuronal-like functions within the tumor milieu.
Neoplastic  cells  are  involved in  pathways  like  nervous  system development  and
axon  guidance,  aligning  with  their  invasive  characteristics.  The  presence  of  the
defective  intrinsic  pathway  for  apoptosis  in  neoplastic  cells  aligns  with  cancer’s
typical evasion of programmed cell death, aiding in tumor survival (Figure 2.2.3c).
To explore the potential prognostic relevance of MFFLs across different cell clusters,
Kaplan–Meier  survival  analysis  was  conducted.  Cox  regression  analysis  was
performed  to  account  for  potential  confounding  factors,  including  age,  tumor
immune dysfunction, and exclusion, with these variables included as covariates. This
comprehensive  analysis  revealed  seven  MFFLs  with  p-values  less  than  0.05,
underscoring  their  potential  prognostic  relevance  in  GBM.  Among  these,  five
belonged  to  the  OPC  cluster,  one  to  the  neoplastic  cluster,  and  one  to  the
macrophage  cluster  (Additional  file  1:  Table  S4).  Notably,  the  MFFL  involving
MIR499A,  YY1,  CBX5,  and  DDX39B  in  the  OPC  cluster  not  only  demonstrated
statistical  significance  with  the  lowest  p-value  of  0.017  (Figure  2.2.3d)  but  also
further distinguished by the loss of binding sites for the respective microRNA family
due to APA in the OPC cluster exclusively, as previously identified in our cluster-
specific analysis.
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Figure 2.2.3: Network analysis and visualization of pseudotime trajectory. a Simple feed-forward loops
(SFFLs) of microRNAs, transcription factors and target genes, as well as merged networks (MFFLs) for
the same center node and their distribution among cell clusters. Number of microRNA families with
significant loss of binding sites for respective cell cluster is indicated.
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Figure 2.2.3 (continued): b Upset plot showing the overlap of significant SFFLs among cell clusters. c
Manually curated list of enriched pathways for genes and transcription factors involved in MFFLs in OPC
and neoplastic clusters, computed with Reactome and Wiki pathways. d Kaplan–Meier plot based on
GBM-TCGA data.  e UMAP of  filtered neoplastic  cells  and OPCs f  Pseudotime trajectory  analysis  for
neoplastic cell to OPC differentiation. g MFFL networks of microRNA, TF, and target gene containing
genes involved in differential APA events and differential gene expression derived from pseudotime
analysis and significant for neoplastic cells

2.2.4.4 Impact  of  APA  and  co-regulatory  networks  on  neoplastic  cell
transdifferentiation to OPC in pseudotime analysis

To decipher the role of APA in the transdifferentiation of neoplastic cells to OPC and
to understand the impact of co-regulatory networks, SFFLs and MFFLs, we embarked
on a detailed modeling of the pseudotime trajectory. This trajectory encompasses
cells  positioned  intermediately  between  neoplastic  and  OPC  cell  clusters,
representing a dynamic spectrum of transdifferentiation.
The pseudotime trajectory analysis incorporated 5429 cells, with 2461 belonging to
the neoplastic and 2968 to OPC cluster. UMAP analysis, based on gene expression
profiles, delineated these into 3 distinct clusters consisting of 2051, 1716, and 1662
cells,  respectively,  each  embodying  a  blend  of  neoplastic  and  OPC cells  (Figure
2.2.3e;f). This expression-based clustering was chosen to maintain consistency with
the initial identification of neoplastic and OPC clusters and to track changes in gene
expression  patterns  during  the  transitional  phase.  Root  nodes,  representing  the
origination  points  of  differentiation  to  OPCs,  were  selected  among  the  possible
nodes  provided  by  Monocle  3  as  those  most  distant  from  OPC  clusters  (Figure
2.2.3f).
A  comprehensive  differential  expression  analysis  over  pseudotime  yielded  3974
significant differential expression events (q-value < 0.05, average log expression > 
0.1). Among the genes identified as differentially expressed, 189 genes showcased
significant differential APA events (adjusted p-value < 0.05, average log expression 
> 0.1) when juxtaposing OPC versus neoplastic cells.  Differential  APA events can
alter  regulatory  elements,  such  as  microRNA-binding  sites,  potentially  driving  or
modulating  the  observed  differential  expression  events.  This  underscores  the
intricate interplay between APA and gene expression, highlighting APA’s pivotal role
in  shaping regulatory landscapes during cell  state  transitions.  These overlapping
genes, characterized by differential alternative polyadenylation and expression, play
crucial roles in significant SFFLs. Specifically, 23 SFFLs reported as significant in the
neoplastic cluster and those reported for the OPC cluster are involved. Among these
SFFLs,  eight  have  been  identified  as  subject  to  coordinated  microRNA  family
regulation in the OPC cluster and four in the neoplastic cluster, underscoring the
nuanced regulatory landscape (Table 2.2.1).
Additionally, these pivotal genes are components of two significant MFFLs in the OPC
cluster (one TF-centric and one microRNA-centric) and seven significant MFFLs (four
TF-centric and two microRNA-centric)  in  the neoplastic  cluster  (Table 2.2.2).  This
highlights  the  complex  and  integrated  regulatory  networks  at  play,  driving  the
nuanced transitions and cellular dynamics inherent in GBM progression.
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Table  2.2.1:  Significant  SFFLs  comprising  genes  with  differential  expression  in  the  pseudotime
trajectory between neoplastic and OPC clusters and concurrent differential APA events.

Table  2.2.2:  Significant  MFFLs  comprising  genes  with  differential  expression  in  the  pseudotime
trajectory between neoplastic and OPC clusters and concurrent differential APA events.
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Cluster Type microRNA Family Transcription Factor Target Gene
Neoplastic MIR153-1/MIR153-2 SP3 IRS2
Neoplastic MIR155 JUN LOX
Neoplastic MIR155 STAT1 IL6ST
Neoplastic MIR32 SP3 IRS2
OPC MIR101-1/MIR101-2 CREB1 PEB1
OPC MIR143 AR PEB1
OPC MIR214 TP53 PEB1
OPC MIR27A AR PEB1
OPC MIR27A TP53 PEB1
OPC MIR194-2 TP53 PEB1
OPC MIR214 JUN ITGB8
OPC MIR214 JUN PTX3

Cluster MicroRNA(s) Center node
Neoplastic JUN, LOX, ITGB8, PTX3 TF

Neoplastic STAT1, FAM172A, IL6ST TF

Neoplastic MIR101-1 MicroRNA

Neoplastic MIR101-2 MicroRNA
Neoplastic MIR27A AR, TP53,PEBP1 MicroRNA
Neoplastic AR, PEBP1, F2R TF

Neoplastic TP53, PEBP1, YWHAG TF

OPC MIR27A MicroRNA
OPC MIR21 JUN,ITGB8, PTX3 TF

Transcription factors
/Target genes

MIR155, MIR203A, 
MIR21
MIR128-2, MIR129-1, 
MIR129-2, MIR140, 
MIR150, MIR155, 
MIR194-2, MIR223, 
MIR338, MIR494

BACH1, KLF6, PEBP1, 
TGFBR1
BACH1, FOS, KLF6, 
PEBP1, WEE1, TGFBR1

MIR143, MIR16-2, 
MIR27A, MIR21
MIR214, MIR27A, 
MIR377

AR, TP53,PEBP1, 
SMURF1



2.2.5 Discussion
In  exploring  the  landscape  of  GBM,  our  study  delves  into  the  diverse  cellular
environments of neoplastic CD133 + radial glia-like cells and OPCs. Central to this
investigation is the role of APA in modulating the landscape of microRNA binding,
studied at  single-cell  resolution.  This  mechanism unveils  a  hidden layer of  post-
transcriptional  regulation,  pivotal  in  contributing  to  the  cellular  heterogeneity
characteristic  of  GBM.  This  approach  has  been  instrumental  in  elucidating  the
complex  interplay  between  APA and gene expression,  highlighting  APA's  distinct
influence over cellular behaviors and identities within the GBM matrix.
A significant finding from our study is the shared APA profile in cells transitioning
from neoplastic to OPC states. The closer spatial alignment of neoplastic cells with
OPCs in PCA space, as evidenced by significantly shorter Euclidean distances, aligns
with  existing  hypotheses  regarding  a  possible  neoplastic-OPC  transition.  This
observation suggests a regulatory mechanism, potentially orchestrated by APA, that
prepares these cells for a shift in function or identity [115,131]. The similarity in APA
patterns, despite the differences in gene expression profiles, indicates a potential
functional state or latent capacity that transcends the cells immediate phenotypic
presentations.
The study further reveals a minimal overlap between differential APA events and
gene expression changes, underscoring APA as an independent layer of regulatory
information. We identified crucial genes that are differentially polyadenylated when
contrasting neoplastic cells and OPCs, such as RPS3, DVL3, DEF8, EGFR, OLFM1, and
GRB2, indicating their potential importance as biomarkers and for shifts in cellular
identity.  Specifically,  the  involvement  of  EGFR  and  GRB2  in  the  EGFR  signaling
pathway  [258–260],  the  participation  of  DVL3  in  the  Wnt  signaling  pathway
[261,262], and the association of RPS3 with chemotherapy resistance  [263] have
been established, underscoring their potential roles in the GBM microenvironment
concerning  the  differentiation  of  neoplastic  cells  into  OPCs.  The  mechanisms
regulating  APA  are  multifaceted  and  involve  interactions  among  cleavage  and
polyadenylation factors, splicing machinery, and transcription elongation processes.
For instance, core components such as CPSF4 and ZC3H3 are known to influence 3'
end processing efficiency and site selection, which may indirectly affect downstream
gene expression and post-transcriptional regulation [115]. However, in our dataset,
the lack of significant differential APA site usage in these genes indicates that their
regulatory  activity  may  not  be  cell-type-specific,  at  least  in  the  context  of
glioblastoma heterogeneity. Furthermore, APA regulatory genes were notably absent
from SFFLs/MFFLs in our analysis,  suggesting that while these genes play crucial
roles in global mRNA processing, they do not appear to participate directly in the co-
regulatory networks shaping cell identity in glioblastoma.
The identification of specific microRNA families selectively evaded by different cell
types  emphasizes  the  need  for  precise  control  over  microRNA  interactions.  In
neoplastic cells, APA-regulated genes are predominantly associated with cell growth
and stemness, signifying APA’s role in driving the proliferative and adaptive nature
of these tumor cells. In OPCs, APA produces mRNA variants of DNA repair genes that
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evade  microRNA  repression,  potentially  strengthening  their  genomic  stability
capabilities. This enhanced ability to repair damage could confer a higher level of
resistance  to  chemotherapeutic  agents,  contributing  to  the  tumor’s  resilience
[264,265]. Therefore, APA may represent a critical factor in maintaining the integrity
and  robustness  of  the  tumor,  particularly  considering  OPCs  roles  in  the  tumor
microenvironment and chemo-resistance [112,113].
The overlap in APA patterns observed in the UMAP clustering (Figure 2.2.1c) reflects
global transcriptomic similarities in polyadenylation usage, particularly during the
transitional phase between neoplastic cells and OPCs. This clustering emphasizes
shared regulatory mechanisms and gene expression profiles that may contribute to
a common functional  state. In contrast,  the microRNA avoidance analysis (Figure
2.2.2a) focuses on specific APA events that alter microRNA-binding site availability,
shedding light on cell-type-specific regulatory consequences. While the shared APA
patterns observed in UMAP reflect a broader regulatory foundation, the microRNA
avoidance analysis highlights how certain APA events drive fine-tuned adaptations in
each  cell  type’s  regulatory  landscape.  This  distinction  underscores  the
complementary  nature  of  these  analyses  in  understanding  both  the  global  and
specific impacts of APA.
The critical impact of alternative polyadenylation in altering microRNA interactions
and contributing to increased glioma cell migration by evading the binding sites of
the miR-124 family has been previously demonstrated  [121]. In our research, this
family is notably identified for its substantial loss of binding sites in OPCs and is
instrumental in the formation of MFFLs. In the broader landscape of glioblastoma
research, our findings resonate with studies highlighting the complex interplay of
APA, microRNA, and their impacts on cellular dynamics [123,266,267].
To delve deeper into the mechanistic aspects of microRNA regulation, we conducted
a  comprehensive  network  analysis  which  allowed  us  to  further  investigate  the
complex relationship with TFs, target genes, and APA. The computation of FFLs as a
basis for exploring the interaction of microRNAs and transcription factors with target
genes to fine-tune gene regulation has been a widely studied topic in the literature.
Numerous  studies  [175,176,180,255] have  shown  the  importance  of  these
regulatory loops in understanding how transcription factors and microRNAs interact
to regulate gene expression. The integration of SFFLs into MFFLs within our study
has elucidated a more comprehensive understanding of the regulatory dynamics in
GBM. This approach has revealed the prominence of cell-type specificity in these
networks, notably in the context of genes associated with neoplastic cells, which are
found to be enriched in critical pathways such as the defective intrinsic pathway for
apoptosis.  This  observation  not  only  highlights  the  role  of  these  networks  in
sustaining  the  malignant  phenotype  of  GBM cells  but  also  their  contribution  to
resistance against apoptotic mechanisms [268].
In contrast, the genes implicated in OPC-specific MFFLs exhibit a distinct association
with GBM signaling pathways. This divergence underscores the unique functional
roles  and  identities  of  different  cell  types  within  the  tumor  microenvironment,
reflecting the complex cellular architecture and the multifaceted nature of GBM.
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Further scrutiny of our data reveals a significant role for key microRNAs, including
miR-21, renowned for its oncogenic potential and involvement in chemoresistance
[99,101,269,270].  The  emergence  of  miR-21  as  a  central  figure  in  OPC-specific
MFFLs  not  only  validates  our  methodological  framework  but  also  expands  the
understanding  of  its  role  within  the  GBM  microenvironment.  Additionally,  the
presence of miR-138–2, associated with high expression levels in oligodendrocyte
differentiation [242], in significant OPC MFFLs, further substantiates the importance
of  our  network analysis.  The observed significant  loss  of  binding sites for  these
microRNAs in OPCs, driven by APA, underscores a complex regulatory adjustment,
highlighting the dynamic interplay between APA and microRNA regulation.
The utility of MFFL computation is further underscored not only by the significant
loss of binding sites for microRNA families within neoplastic cells,  attributable to
APA, but also by their potential  for utilization in survival  analysis,  enhancing our
understanding  of  prognostic  indicators  in  GBM  and  providing  a  foundation  for
hypothesis  generation  that  warrants  further  investigation.  Our  utilization  of
pseudotime trajectory analysis has been pivotal in revealing that genes differentially
expressed during the transition from neoplastic cells to OPCs are actively involved in
MFFLs. MicroRNAs such as miR-21 reemerge as crucial elements in these networks,
underscoring  their  influential  role  in  GBM  pathology  across  various  regulatory
scenarios. Given that the roles of transcription factors can vary depending on the
cellular  context,  our  resource  of  cell-type-specific  SFFLs  and  MFFLs  provides  a
flexible framework for exploring these interactions in a context-dependent manner,
without  assuming  a  universally  fixed  role  for  transcription  factors  as  activators.
Instead,  the  direction  and  impact  of  these  interactions  are  determined  by  the
specific  expression  patterns  and  regulatory  relationships  in  each  cell  type  and
context. Our MFFL computation has elucidated key aspects of regulatory networks,
considering the role of microRNA networks in oncogenesis and tumor suppression
[177,271], pan-cancer relevance [178], potential as drug targets [178,253,272], and
their  demonstrated  ability  to  uncover  glioblastoma  heterogeneity  and  cell  state
transitions.
One limitation in studying SFFLs and MFFLs is the reliance on interaction databases,
which  can  be  error-prone  or  incomplete.  To  mitigate  this,  we  focused  on
experimentally  validated  interactions  and  conserved  interactions  across  species.
However,  the networks  may still  be  incomplete,  and  further  refinement may be
necessary  to  enhance  their  accuracy  and  comprehensiveness.  Additionally,  the
absence of comprehensive microRNA expression data, particularly in single-cell RNA
sequencing, may limit the interpretation of certain interactions.
Our  study’s  primary  focus  on  neoplastic  CD133 + cells  and  OPCs  may  limit  the
broader understanding of GBM's cellular complexity. Additionally, the static nature of
our  research  overlooks  the  dynamic  changes  that  GBM  undergoes  over  time,
emphasizing the need for longitudinal studies, for example, APA profile changes in
response to therapy. While we emphasized APA and microRNA regulation, other post-
transcriptional  mechanisms  remain  unexplored.  Experimental  validation  and  the
incorporation  of  emerging  single-cell  sequencing  technologies  are  necessary  to
strengthen the biological relevance of our findings.
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In summary,  our research provides an in-depth analysis of the cellular dynamics
within GBM, focusing on the interplay between cell-type-specific APA, microRNAs,
TFs,  and target genes.  We have successfully constructed and analyzed networks
that  capture  the  complex  regulatory  interactions  within  GBM,  particularly
highlighting the unique APA profiles of OPCs and neoplastic CD133 + radial glia-like
cells. Our study unravels the subtle yet impactful ways in which APA contributes to
cell identity and transformation in GBM, emphasizing the role of microRNA and TF in
these  processes.  These insights  provide  a  comprehensive view of  the  molecular
intricacies that drive the heterogeneity and progression of GBM, offering a valuable
resource for future research and potential clinical applications.
2.2.6 Conclusions
In  conclusion,  our  study  has  effectively  mapped  the  APA  landscape  in  GBM,
highlighting its role in the transition between neoplastic cells and OPCs. Utilizing
single-cell RNA sequencing data, we identified APA profiles crucial for this cellular
transition,  providing  insights  into  the  post-transcriptional  regulation  involving
microRNAs, transcription factors, and gene networks.
Our workflow pinpointed genes undergoing significant APA changes and subsequent
microRNA-binding  site  loss  linked  to  stem  cell  maintenance  and  DNA  repair,
essential  for  understanding GBM’s adaptability  and resilience.  The elucidation of
APA’s influence on microRNA-transcription factor-gene networks has revealed new
dimensions  of  GBM’s  molecular  complexity,  revealing  both  potential  therapeutic
targets and marker genes for survival analysis.
This research not only sheds light on the regulatory dynamics within GBM but also
sets the stage for future studies aiming to exploit APA mechanisms for therapeutic
innovation, aligning with the goals of precision medicine in oncology.
2.2.7 Methods
2.2.7.1 Dataset and single-cell clustering
We  procured  single-cell  RNA  sequencing  data  from  three  glioblastoma  samples
(GBM27,  GBM28,  and  GBM29),  obtained  from  GSE139448  [273].  The  single-cell
datasets were processed using CellRanger [274], employing the “mkfastq” function
for generating FASTQ files, the “count” function for aligning reads and quantifying
gene expression, and the “aggr” function for merging data across samples. Initial
quality control steps involved filtering cells based on mitochondrial reads (< 10%)
and selecting for RNA counts in the range of 2000 to 10,000. This resulted in 13,600
cells eligible for further analysis using Seurat v3.2.3 package  [275]. Normalization
and variable feature identification were conducted using Seurat package. Principal
component analysis was utilized for dimensionality reduction, with the number of
significant  components  determined  via  elbow  plot  methodology,  resulting  in  17
principal  components. We computed Euclidean distances from the neoplastic cell
centroid to each cell in other clusters, thus quantifying their spatial proximity in PCA
space.  To  correct  for  batch  effects  across  samples,  we  employed  the
“FindIntegrationAnchors” function, to integrate data from the three distinct samples.
Unsupervised  clustering  was  then  executed  using  “FindNeighbors”  and
“FindClusters”  functions.  Cell-type  annotations  were  assigned  by  both  genetic
expression profiles and known markers (Additional file 1: Table S1). Differential gene
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expression  was  computed  using  the  “FindAllMarkers”  function,  enabling  the
identification of unique molecular signatures across different cell clusters.
2.2.7.2 MicroRNA interactions
In  assembling  our  high-quality  microRNA-target  gene  interaction  dataset,  we
included reported interactions from TRANSFAC  [276], enriched with experimentally
supported interactions from DIANA-TarBase v8 [156] and miRTarBase [168]. We then
cross-referenced  these  with  predictive  binding  sites  from  TargetScanHuman  8.0
(TSH)  [16],  supplemented by predictions from broadly conserved microRNAs and
their binding sites in TSH. This resulted in a dataset comprising 2,908,279 predicted
binding sites for 912 microRNAs, targeting 12,612 genes. To enhance compatibility
with current genomic studies, we used UCSC’s liftOver [277] to update these binding
sites from hg19 to hg38. This comprehensive dataset stands as a critical resource
for studying microRNA-mediated gene regulation.
2.2.7.3 Alternative polyadenylation events
In our study, the APA matrix was computed using the SCAPE program with its default
parameters [278]. The APA matrix represents expression values quantified for each
polyadenylation site within a gene, providing a finer resolution of polyadenylation
usage  across  samples  rather  than  summarizing  expression  at  the  gene  level.
Additionally, the “FindDE” function was employed to identify differential APA events.
This  function applies DEXSeq-based analysis,  comparing APA usage for each cell
cluster against all other clusters to identify cell type-specific APA patterns. Statistical
significance was determined using adjusted p-values < 0.05.  APA events  meeting
this threshold were considered statistically significant and prioritized for downstream
analyses,  ensuring a  rigorous  and reliable  identification of  cell  type-specific  APA
usage (Additional file 2: Table S1-S5). We focused our analysis on genes expressed in
at least 10% of the cells in each cluster. This threshold ensured that our analysis was
based on genes with a significant presence in each cellular subset, providing a more
accurate reflection of the APA dynamics within the different cell clusters.
2.2.7.4 MicroRNA avoidance analysis
We quantified  the  avoidance  of  microRNA  regulation  through  APA  for  each  cell
cluster  by  using  the  computed  APA expression  matrix  and  annotated  microRNA-
binding sites. The analysis involved calculating the ratio of total microRNA-binding
sites lost versus retained for each microRNA family within each cell cluster. To assess
statistical  significance,  we  executed  10,000  permutations,  where  the  cell
assignments  were  randomly  shuffled  across  all  clusters  while  maintaining  the
original  cell  counts.  In  each  permutation,  the  ratio  was  recalculated,  and  the
incidence of ratios higher than the observed ratio was tracked. The resulting p-value,
derived  from  the  frequency  of  higher  ratios  divided  by  the  total  permutations,
indicates the significance of microRNA regulation avoidance in each cell cluster. To
account for multiple testing, p-values were adjusted using the Benjamini–Hochberg
[279] method, with a significance threshold set at 0.05 (Additional file 1: Table S2).
2.2.7.5 Construction of feed-forward loops
To construct the FFL networks, our methodology integrated four types of directed
regulatory interactions: microRNA to TF, microRNA to gene, TF to gene, and TF to
microRNA. The microRNA to TF and microRNA to gene interactions were derived
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from our compiled microRNA-target gene interaction dataset. For TF to gene and TF
to microRNA interactions, we utilized TRANSFAC [276] and TransmiR v2.0 databases
[280].
We defined a list of transcription factors as defined in [281] and extracted validated
and  conserved  microRNA  to  gene/TF  interactions.  We  merged  these  with  TF  to
microRNA  interactions  from  TransmiR  [280] and  TF  to  gene  interactions  from
TRANSFAC [276].
From  this  background  graph,  we  extracted  all  possible  three-node  interactions
between microRNA, TF, and gene, categorizing them as simple feed-forward loops
(SFFLs).  We  differentiated  these  SFFLs  based  on  their  central  nodes:  microRNA-
centric (microRNA to gene and microRNA to TF, followed by TF to gene), TF-centric
(microRNA to gene and TF to microRNA, followed by TF to gene), and feedback loops
(microRNA to gene, TF to gene, microRNA to TF, and TF to microRNA). Subsequently,
we identified module feed-forward loops (MFFLs) by merging all  significant SFFLs
that originated from the same central node such as a specific microRNA. Further, we
set the constraint that nodes of these SFFLs must be expressed in at least 10% of
the  cells  belonging  to  the  cluster.  This  approach  allowed  us  to  discern  broader
regulatory patterns and understand the influence of individual entities like a specific
microRNA on multiple pathways in GBM. While missing small RNA expression data,
especially for microRNAs, is a known limitation in single-cell RNA sequencing, our
use of MFFLs helps mitigate this challenge by integrating multiple SFFLs into broader
networks. This approach enables the capture of biologically meaningful interactions
even  when  individual  microRNA  data  are  incomplete,  allowing  us  to  interpret
regulatory dynamics driven by APA and transcription factors with greater robustness.
2.2.7.6 Significance testing of SFFLs and MFFLs
To ascertain  the significance of  SFFLs  in  diverse cell  types,  we scored networks
comprising microRNA, TF,  and gene nodes.  In order to score computed FFLs,  we
applied  the  methodology  prior  demonstrated  by  [178].  Node  scores,  based  on
adjusted  p-values  from  differential  expression  analysis,  were  computed  by
comparing the expression of a gene in a specific cell cluster versus in all other cells.
These  scores  underwent  inverse  normal  cumulative  distribution  transformation.
Edge scores were computed using Fisher transformation of Pearson’s correlation z-
scores between nodes. The average of node and edge scores constituted the overall
SFFL score. Due to limitations in capturing small  RNAs in single-cell  RNA data, if
microRNA scores were absent, we calculated the score using the remaining nodes
and  edges.  However,  to  address  the  sparsity  of  microRNA  expression  data,  we
enhanced the gene expression matrix by employing the PPMS software [282], which
profiles primary microRNAs with cell-type specificity, concentrating on the inclusion
of those microRNAs that were absent in the initial gene expression dataset.
To assess the significance of the SFFLs, we permuted the network 10,000 times by
selecting three random nodes—one microRNA, one TF, and one target gene—from
the same cell cluster as the original SFFL. For each permutation, we computed the
overall  SFFL score again by calculating the node scores and edge scores for the
randomly selected nodes. The randomized overall scores were then compared to the
original SFFL score. The p-value for each SFFL was determined by calculating the
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ratio  of  random scores greater than or  equal  to  the observed score.  Finally,  the
Benjamini–Hochberg  FDR  correction  [279] was  applied  to  account  for  multiple
testing,  with  a  significance  threshold  of  0.05  (Additional  file  1:  Table  S3).  All
significant SFFLs within a specific cluster were merged together based on the center
node, which makes up the MFFLs for that cluster, providing a consolidated view of
the regulatory networks for that cell type (Additional file 1: Table S4).
2.2.7.7 GO term enrichment for genes avoiding microRNA regulation by APA
For the Gene Ontology (GO) term analysis, we conducted an examination specifically
on  genes  identified  as  avoiding  microRNA  regulation  by  significant  microRNA
families.  This  analysis  was  restricted  to  genes  pertinent  to  each  individual  cell
cluster. Utilizing the “enrichGO” functions from ClusterProfiler [171], we focused on
biological processes (BP) (Additional file 1: Table S6) and molecular functions (MF)
(Additional file 1: Table S7) to discern the biological and molecular underpinnings
influenced by this evasion. This approach allowed us to gain insights into the unique
biological processes and molecular functions affected by the avoidance of microRNA
regulation in each specific cell cluster context.
2.2.7.8 Pseudotime trajectory
Utilizing  Monocle  3  [283],  we  computed  pseudotime  trajectories,  specifically
targeting  cells  from  the  neoplastic  cell  to  OPC  clusters  to  model  a  potential
transdifferentiation (Additional  file 1: Table S5).  To analyze differential  expression
over  time,  we  conducted  graph-autocorrelation  analysis  using  the  “graph_test”
function.  This  was  preceded  by  the  application  of  the  “estimate_size_factors”
function, adhering to its default settings.
2.2.7.9 Kaplan–Meier survival analysis
Kaplan–Meier survival  analysis was performed using TCGA-GBM clinical  and gene
expression data, processed with TCGAbiolinks  [284], survival  [285], and survminer
packages in R. Clinical data pertinent to survival was extracted, and gene expression
data were normalized using DESeq2’s [286] variance stabilizing transformation. Cox
regression analysis was conducted using the “coxph” function  [285], incorporating
gene  expression  values,  age  at  diagnosis  and  TIDE-derived  exclusion  and
dysfunction  scores  [287] as  covariates,  as  they  reflect  the  functional  state  of
immune cells and the extent of immune evasion in the tumor microenvironment.
The coefficients for the respective genes obtained from the Cox regression model
were combined with their expression values to stratify patients into high-risk and
low-risk  groups.  Kaplan–Meier  survival  curves  were  then  generated  for  these
stratified groups, and statistical significance was assessed with a threshold of p < 
0.05 (Additional file 1: Table S4). This approach, as demonstrated by, e.g., [288,289],
allowed us to explore the prognostic significance of MFFLs in the context of multiple
clinical and molecular factors.
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2.3 Evaluating  Genetic  Regulators  of  MicroRNAs  Using  Machine
Learning Models

2.3.1 Preamble
This chapter is published in the journal International Journal of Molecular Sciences: 
Cihan, M., Anyaegbunam, U. A., Albrecht, S., Andrade-Navarro, M. A., & Sprang, M.
(2025). Evaluating Genetic Regulators of MicroRNAs Using Machine Learning Models.
International Journal of Molecular Sciences, 26(12), 5757.
https://doi.org/10.3390/ijms26125757 
The  supplementary  files  associated  with  this  publication  are  available  on  the
publisher’s website via the article’s DOI.
2.3.2 Abstract
This study explores the genetic regulators of microRNAs (miRNAs) using a set of
machine learning models to predict miRNA expression levels from gene expression
data. Employing machine learning, we accurately predicted the expression of 353
human miRNAs (R2 > 0.5), revealing robust miRNA–gene regulatory relationships.
By  analyzing  the  coefficients  of  these  predictive  models,  we  identified  genetic
regulators  for  each  miRNA  and  highlighted  the  multifactorial  nature  of  miRNA
regulation. Further network analysis uncovered that miRNAs with higher predictive
accuracy are more densely connected to their top predictive genes, reflecting strong
regulatory control within miRNA–gene networks. To refine these insights, we filtered
the miRNA–gene interaction networks to identify miRNAs specifically associated with
enriched pathways, such as synaptic function and cardiovascular processes. From
this pathway-centric analysis, we present a curated list of miRNAs and their genetic
regulators, pinpointing their activity within distinct biological contexts. Additionally,
our study provides a comprehensive set of metrics and coefficients for the genes
most predictive of miRNA expression, along with a filtered subnetwork of miRNAs
linked  to  specific  pathways  and  phenotypes.  By  integrating  miRNA  expression
predictors with network analysis and pathway enrichment, this work advances our
understanding  of  miRNA  regulatory  mechanisms  and  their  roles  across  distinct
biological systems. Our approach enables researchers to train custom models using
TCGA data and predict miRNA expression from gene expression inputs.
2.3.3 Introduction
MicroRNAs (miRNAs)  play a  critical  role  in  the regulation  of  gene  expression  by
binding to target messenger RNAs (mRNAs) and either promoting their degradation
or inhibiting their translation [290]. These small, non-coding RNAs are involved in a
wide  array  of  cellular  processes,  including  development,  differentiation,  and
apoptosis, making them essential for maintaining cellular homeostasis [7,291].
Accurate profiling of miRNA expression is crucial for understanding miRNA functions.
To predict miRNA targets, among other methods, the negative correlation between
miRNA  and  mRNA  expression  is  used  to  identify  potential  novel  miRNA  target
binding sites on genes  [199,292,293]. By mapping these interactions, researchers
can  elucidate  how  miRNAs  influence  various  cellular  pathways  and  processes,
highlighting their potential as therapeutic targets and biomarkers  [294,295]. This
characterization  not  only  relies  on  direct  binding  site  identification  but  also  on
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integration  with  annotation  databases,  high-throughput  experimental  validation,
evolutionary conservation studies, and network-based analysis [7,16,251,296,297].
Quantifying  miRNA  expression  remains  challenging  due  to  biases  in  current
experimental  methods.  Small  RNA-seq  often  relies  on  adapter  ligation  and  PCR
amplification, introducing representation biases that affect accuracy and reliability
[298–300].  Issues  like  false  high  fold  changes  from  low  expression  values  and
alignment errors also arise, especially when compared to the higher precision of
qRT-PCR  [301].  Moreover,  integrating  data  across  platforms  is  complicated  by
differing  biases  and  error  profiles.  A  major  limitation  is  the  lack  of  validated
reference  controls  for  normalization,  leading  to  variability  and  poor  cross-study
comparability [298,302–304].
To address the limitations in miRNA expression quantification, a range of machine
learning  and  computational  methods  have  been  developed.  For  instance,  a
constrained least squares approach has been reported for imputing missing miRNA
expression  values,  improving  data  completeness  in  partially  observed  miRNA
matrices [305]. Moreover, MMpred employs regression to predict miRNA expression
from microarray data, facilitating the inference of miRNA–mRNA interactions [199].
miREACT utilizes motif enrichment analysis to estimate miRNA activity from single-
cell RNA-seq data, providing insights into miRNA regulation at the single-cell level
[306]. Similarly, miRSCAPE leverages tree-based machine learning to infer miRNA
expression from single-cell RNA-seq data, enabling the study of miRNA activity in
contexts where direct measurement is challenging [198]. Other frameworks aim to
infer miRNA activity or regulatory influence, such as the enrichment-based method
for estimating miRNA repression from gene expression profiles [307] and the causal
inference approach for detecting miRNA–mRNA regulatory relationships directly from
expression  data  [308].  Collectively,  these  methods  underscore  the  versatility  of
machine learning in tackling both expression-level and functional characterization
challenges in miRNA biology.
While  mRNA  data  is  used  to  infer  miRNA  expression,  the  genetic  regulators  of
miRNAs  remain  poorly  understood  as  even  intronic  miRNAs  often  show  weak
correlation  with  their  host  genes  [309,310].  Moreover,  no  existing  tool  offers
pretrained models that allow direct inference of miRNA expression from bulk RNA-
seq input alone, limiting broader applicability.
In this study, we use gene expression data from RNA sequencing to predict miRNA
expression  levels,  offering  an  approach  that  leverages  the  correlations  between
gene and miRNA expressions to build predictive machine learning models, providing
a  more  accessible  and  accurate  computational  alternative  to  direct  miRNA
measurement. By doing so, it allows us to infer miRNA activity and its regulatory
impact  on  genes,  facilitating  deeper  insights  into  both  cellular  mechanisms  and
disease pathways. To this end, we applied ridge regression  [194], a regularization
technique suited for handling multicollinearity and high-dimensional data, to predict
miRNA levels from RNA-seq data obtained from The Cancer Genome Atlas (TCGA)
[69] from both normal and cancer tissues across thousands of samples. By analyzing
the  regression  coefficients,  we  identified  predictive  genes  for  each  miRNA
considered,  revealing  key  regulatory  elements  within  the  gene–miRNA  network.
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Subsequent network analysis, incorporating miRNA binding data, enabled us to map
out intricate interactions and pathways to characterize the functional relevance and
biological implications of these predictive genes. Our approach is the first to provide
pretrained, reproducible models that directly infer miRNA expression from bulk RNA-
seq  data  while  simultaneously  uncovering  gene-level  regulators—offering  a
framework to explore miRNA control across diverse tissues and disease contexts.
2.3.4 Results
In  this  study,  we applied ridge regression to develop a set of  models  to predict
miRNA expression levels from RNA sequencing data. By leveraging the correlations
between  gene  and  miRNA  expressions,  our  approach  provides  a  computational
alternative to direct miRNA measurement. Additionally, we constructed a network of
miRNAs and their  target  genes,  integrating experimentally  validated  interactions
and predicted conserved interactions to understand the functional  relevance and
biological  implications of  these regulatory relationships better.  We then used the
feature coefficients from these models to identify key predictive genes, allowing us
to explore the regulatory elements within the gene–miRNA network. This analysis
offers  a  deeper  insight  into  miRNA–gene  interactions  and  their  roles  in  cellular
mechanisms and disease pathways.
2.3.4.1 Model Development and Performance Assessment
We thoroughly evaluated the performance of the ridge regression models that we
utilized to predict miRNA expression levels from RNA sequencing data, using various
statistical metrics. The distribution of R2 values across all miRNAs (Figure 2.3.1A)
reveals a wide range of predictive accuracies. The cumulative distribution function
(CDF) overlay shows that 353 out of the 1300 miRNAs analyzed achieve R2 values
greater  than  0.5,  demonstrating  strong  predictive  capabilities  for  these  specific
targets. This may stem from their inherently high expression levels, as reflected by
the median TPM values extracted from respective TCGA samples (R2 ≤ 0.5: 0.14; R2
> 0.5: 39; see Section 4 for details).
The  comparison  between  observed  and  predicted  miRNA  levels  (Figure  2.3.1B)
shows a strong linear correlation, as evidenced by a Pearson correlation coefficient
of  0.99,  indicating  the  model’s  proficiency  in  accurately  capturing  the  mean
expression levels for the majority of miRNAs, reinforcing the validity of using gene
expression data as a reliable surrogate for direct miRNA measurement. In addition to
R2-based evaluation, we calculated the Spearman correlation between observed and
predicted  miRNA  expression  values  across  all  miRNAs.  We  obtained  a  mean
Spearman correlation of 0.55, indicating a strong monotonic relationship between
observed and predicted values.

 57 



Figure  2.3.1: miRNA Prediction Performance and Feature Importance Analysis. (A) Distribution of R2
values across predicted miRNAs, with a histogram illustrating the range of prediction accuracies and
cumulative probability overlayed in green.
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Figure 2.3.1 (continued): (B) Comparison of observed versus predicted mean miRNA expression levels,
shown in a scatterplot with data points colored according to R2 values, highlighting prediction accuracy
across  samples.  The  strong  correlation  indicates  the  model’s  effectiveness  in  estimating  overall
expression patterns. (C) Residual analysis displaying the differences between observed and predicted
mean values plotted against predicted mean miRNA levels,  with outliers highlighted. This indicates
expression ranges where the model performs less consistently. *** denotes p < 0.01. (D) Boxplots
comparing relative errors (median and mean absolute errors) for miRNAs grouped by predicted R2
values (<0.5 and >0.5), providing insight into prediction reliability across different accuracy levels.
Lower errors in the high-R2 group emphasize the model’s robustness for better-predicted miRNAs. (E)
Clustered  heatmap  of  the  top  100  genes  with  the  highest  absolute  coefficients,  showing  feature
importance by miRNA. Genes are sorted in descending order of R2 values, visualizing the predictive
contributions across miRNAs, and log2-transformed absolute coefficients are visualized to highlight the
relative contribution of each gene across different miRNA models. This panel illustrates the diverse
gene  contributions  underlying  miRNA  expression  and  supports  the  model’s  reliance  on  multiple
features.

To  evaluate  the  model’s  consistency,  we  examined  the  correlation  between  the
coefficients of variation (CV) for observed and predicted miRNA levels. Overall, this
correlation was moderate (r = 0.32), indicating some alignment between observed
and predicted variability. For miRNAs with R2 values above 0.5, the correlation was
much  stronger  (r  =  0.98),  demonstrating  high  stability  and  consistency  in
predictions. Conversely, for miRNAs with R2 values < 0.5, the correlation dropped to
0.20, highlighting greater challenges in accurately predicting these miRNAs. These
results  reinforce  the  model’s  robustness,  especially  for  miRNAs  with  higher
predictive accuracy.
Residual  analysis  (Figure  2.3.1C)  provides  additional  insights  into  the  model’s
robustness and areas for improvement. While the residuals generally cluster around
zero, indicating unbiased predictions across most expression levels, certain miRNAs,
such as hsa-mir-21, exhibit significant deviations from the trend. These deviations
are  primarily  associated  with  miRNAs  that  have  very  high  expression  levels,
suggesting that  outlier  values or extreme expression levels may introduce some
noise or variability into the predictive model.
The  relative  errors,  both  mean  absolute  error  (MAE)  and  median  absolute  error
(MedAE), were significantly lower for miRNAs with R2 > 0.5 compared to those with
R2 < 0.5, as shown in Figure 2.3.1D, with a p-value less than 0.01. This highlights
the improved predictive accuracy for miRNAs with higher R2 values, pointing at the
model being more robust for targets with generally higher expression values (Figure
2.3.1D).
For the top 100 genes with the highest variability, the feature importance heatmap
(Figure 2.3.1E) illustrates the absolute log2 values of the coefficients for miRNAs
with R2 values greater than 0.5, revealing that many features have high coefficients.
This indicates that the prediction of miRNA expression is not driven by a single gene
but rather by a complex interaction among multiple genes. The presence of several
genes with substantial coefficients underscores the multifactorial nature of miRNA
regulation, validating the model’s strategy of using a diverse set of gene expression
data to enhance predictive accuracy. Conversely, for miRNAs with R2 values < 0.5,
there are no significantly high coefficients, suggesting a lack of strong predictive
features  and  highlighting  the  challenges  in  predicting  these  miRNAs  accurately
(Figure 2.3.1E).
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To  assess  whether  alternative  modeling  approaches  could  improve  predictive
accuracy,  we also implemented Lasso regression as a linear model and Random
Forest regression as a non-linear model. Both approaches underperformed relative
to  ridge  regression,  with  196 miRNAs (Lasso)  and 239 miRNAs (Random Forest)
achieving  R2  values  >  0.5.  A  full  comparison  of  model  performance  metrics  is
provided in Supplementary Tables S1–S3.
Overall, the results demonstrate that our ridge regression models provide a robust
framework  for  predicting  miRNA  expression  from  RNA-seq  data,  particularly  for
miRNAs with clear expression patterns.
2.3.4.2 MiRNA–Gene Network Connectivity and Centrality Analysis
We analyzed the connectivity of the top 3% (632) of predictive genes, determined
by the highest absolute coefficients for each miRNA, within the gene–miRNA network
(Figure 2.3.2A). For miRNAs with R2 > 0.5, a higher proportion of predictive genes
were found to be directly interacting with the miRNA (1-node distance), averaging
125 genes, compared to 102 genes for miRNAs with R2 < 0.5. Additionally, when
examining the 3-node distance (3 degrees of separation), the difference between
the two groups becomes more pronounced, with miRNAs that are better predicted
(R2 > 0.5) showing an average of 401 connected genes, compared to 358 for those
with R2 < 0.5. This suggests that miRNAs with higher predictive power tend to form
stronger  direct  regulatory  relationships  with  their  target  genes,  highlighting  the
connection between prediction accuracy and regulatory interactions (Figure 2.3.2A).
We also examined the distribution of lncRNAs and protein-coding genes among the
top predictive genes.  Both groups,  miRNAs with  R2 > 0.5 and R2 < 0.5,  had a
similarly small proportion of lncRNAs among the top predictive genes. However, the
proportion of protein-coding genes was higher for miRNAs with R2 > 0.5 (Figure
2.3.2B).
Analysis  of  the network’s  communities (groups of  densely connected nodes,  see
Methods for details) shows variability in the proportion of well-predicted miRNAs (R2
>  0.5)  across  different  communities,  with  some  communities  having  a  higher
concentration  of  accurately  predicted  miRNAs.  While  this  observation  suggests
differences in the predictive relationships within these communities, no consistent
pattern  was  observed  regarding  community  size  (nodes/edges)  and  prediction
quality (see Supplementary Table S4).
We  analyzed  the  relationship  between  miRNA  expression  variability  and  their
connectivity within the network by focusing on the 55 miRNAs with a high coefficient
of variation (CV > 10). Correlating their R2 values with different network centrality
measures  revealed  notable  relationships:  a  Pearson  correlation  of  0.49  for  both
degree centrality and betweenness centrality and 0.47 for eigenvector centrality.
These positive correlations suggest that miRNAs with higher variability in expression
tend to be predicted better when they occupy more central and influential positions
in the network.
This  finding implies  that  miRNAs with significant  network connectivity—either  by
having  numerous  direct  interactions  (degree  centrality),  being  central  to
communication  pathways  (betweenness  centrality),  or  influencing  other  highly
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connected  nodes  (eigenvector  centrality)—are  more  likely  to  exhibit  predictable
expression  patterns.  This  could  indicate  that  miRNAs  deeply  embedded  in  the
regulatory network play crucial roles in maintaining network stability, which could
explain why their expression is better captured by predictive models.

Figure  2.3.2: Functional Characterization of Predictive Genes in miRNA Networks. (A) Distribution of
direct and 3-node distance gene interactions among the top 632 predictive genes for each miRNA,
divided into two groups: R2 > 0.5 and R2 < 0.5. Distribution plot highlights differences in connectivity
for high and low-accuracy miRNAs. Higher connectivity in the well-predicted group reflects stronger
and  more  direct  regulatory  relationships  in  these  miRNA models.  (B)  Density  distribution  of  gene
biotypes, with long non-coding RNAs and protein-coding genes represented among the top predictive
genes for each miRNA, split by R2 category (R2 > 0.5 and R2 < 0.5). Protein-coding genes dominate
predictive gene sets, particularly for miRNAs with high prediction accuracy. (C) Gene Ontology (GO)
term analysis results for the top 20 enriched terms in biological process (BP), cellular component (CC),
and molecular function (MF) categories. Enrichment is based on the frequency of significance across
miRNAs,  using the top 632 predictive genes  per  miRNA (see Supplementary  Table S5).  (D)  KEGG-
pathway enrichment analysis for the top predictive genes across miRNAs, illustrated in a bar plot where
the height of each bar represents the number of miRNAs significantly enriched in each pathway. This
visualization  highlights  the  pathways  most  frequently  associated  with  genes  that  predict  miRNA
expression.
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2.3.4.3 Biological Signatures of Predictive miRNA Regulators
In the GO term analysis of the top predictive genes for miRNAs with R2 > 0.5, we
found that many terms in the biological process category are related to synaptic
function and cardiovascular processes. Notably, terms such as the modulation of
chemical  synaptic transmission,  synapse organization, neurotransmitter secretion,
and the regulation of neuron projection development had the highest number of
predictive genes associated with them. In addition, cardiovascular-related terms like
cardiac muscle contraction, heart process, and the regulation of blood circulation
were also highly enriched, underscoring the involvement of these genes in critical
physiological pathways (Figure 2.3.2C).
In the molecular function category, many of the enriched terms pertained to ion
channel  activity,  particularly  those  involved  in  synaptic  signaling.  Higher-level
categories  like  voltage-gated  ion  channel  activity,  monoatomic  cation  channel
activity, and potassium channel activity dominated, with a large number of genes
contributing  to  these  functions.  This  suggests  that  most  well-predicted  miRNA
families have predictive genes involved in regulating ion transport and signaling,
further emphasizing their role in synaptic function and neuronal regulation (Figure
2.3.2C).
The  cellular  component  category  also  reflected  a  strong  focus  on  synaptic
structures, with terms such as synaptic vesicle membrane, postsynaptic membrane,
and neuronal cell body being the most enriched. These terms highlight the cellular
environments where the predictive genes are most active, particularly in synapse-
related functions. The enrichment in these synaptic components suggests that the
genes associated with better-predicted miRNAs are often localized to critical regions
involved in neural communication (Figure 2.3.2C).
These findings  illustrate  that  the majority  of  well-predicted miRNA families  have
predictive genes that are heavily involved in synaptic and cardiovascular processes,
as reflected by their enrichment in both functional and structural terms across the
GO categories.
2.3.4.4 miRNA-Linked Pathway Enrichments
We subsequently performed pathway enrichment analysis using the KEGG database
for  the same set  of  predictive genes.  Pathways significantly enriched across the
majority of miRNAs include signal transduction, which involved 170 out of the 353
miRNAs  considered  (48%),  the  endocrine  system  with  160  miRNAs  (45%),  the
nervous  system  with  113  miRNAs  (32%),  and  cardiovascular  diseases  with  52
miRNAs  (15%).  These  findings  align  with  the  GO  term  enrichment  results,
emphasizing synaptic and cardiovascular processes (Figure 2.3.2D).
We  then  filtered  the  miRNA–gene  network  to  focus  specifically  on  the  genes
associated  with  the  pathw  ays  identified  in  the  previous  enrichment  analysis,
retaining  only  miRNAs  directly  connected  to  these  genes.  Additionally,  we
incorporated  specific  pathways  corresponding  to  the  enriched  terms.  For  the
nervous  system,  we presented  this  filtered  network  in  Figure  2.3.3A,  where  key
miRNAs such as miR-137 and miR-488 emerged as highly connected nodes within
the network. This strategy resulted in the selection of 11 miRNAs, revealing a clear
concentration of regulatory interactions within neural-associated pathways.
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Figure 2.3.3: Predictive miRNAs in Neural and Cardiovascular Pathways. (A) Filtered network of miRNA-
gene interactions,  focused on pathways related to the nervous system. Network visualizes specific
interactions in nervous system-associated pathways, emphasizing miRNAs like miR-137 that show high
connectivity.  Red  edges  indicate  interactions  involving  genetic  predictors  and  direct  pathway
associations,  while  grey  lines  represent  additional  connections  with  non-predictive  regulators  and
indirect pathway associations.
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Figure 2.3.3 (continued): (B) Bar plot displaying tissue-specific expression levels of miRNAs that are
filtered for signal transduction pathways and for the background of all other miRNAs predicted with R2
> 0.5. Elevated expression in neural tissues supports the functional relevance of the filtered miRNA set;
*** denotes p < 0.01, ** denotes p between 0.01 and 0.05. (C) Heatmap showing miRNAs significantly
enriched in cardiovascular disease pathways (p < 0.01), linking predictive genes to disease-relevant
regulatory modules.

We applied the same filtering strategy to isolate pathways associated with signal
transduction, which also led to the selection of 43 miRNAs. For these miRNAs, we
further  analyzed  their  tissue-specific  expression  patterns  using  the  TAM  2.0
database [169]. We contrasted their expression levels with the expression profiles of
all other miRNAs with R2 > 0.5. Through this comparison, we identified significantly
higher normalized expression levels of these signal-transduction-associated miRNAs
in  several  key  tissues,  particularly  the  brain,  nerve,  and  adrenal  gland  (Figure
2.3.3B).
These findings are consistent with the biological  roles of signal  transduction and
nervous system pathways and provide additional validation of our network filtering
methodology.  The  enriched  expression  in  neural  and  endocrine-related  tissues
supports  the  functional  relevance  of  the  extracted  miRNAs  and  highlights  their
potential  regulatory  impact  within  these  critical  systems.  This  underscores  the
biological coherence of our approach, linking the predictive genes and pathways to
specific tissue contexts, thus reinforcing the importance of these miRNAs in neural
and signal-transduction-related processes.
2.3.4.5 Cardiovascular Disease Associations in Predictive Gene Networks
We next conducted disease enrichment analysis for the predictive genes of miRNAs
with R2 > 0.5, focusing on terms related to cardiovascular diseases, which were
among  the  most  prevalent  in  the  pathway  enrichment  results  (Figure  2.3.3C).
Notably, the terms arrhythmia, abnormal cardiac ventricular function, and cardiac
conduction abnormality were among the most frequent. Specifically, we observed
significant  enrichment  of  cardiovascular-disease-related  terms  for  the  predictive
genes  of  miR-1-1,  miR-1-2,  miR-208b,  and  miR-133b,  indicating  their  strong
association  with  various  cardiovascular  conditions.  miR-208b  and  miR-133b  also
appeared  consistently  when  constructing  the  subnetwork  for  cardiovascular
diseases,  which included a total  of  16 miRNAs.  This reinforces the role of  these
specific  miRNAs  in  cardiovascular  regulation  and  highlights  their  potential
importance in disease-associated regulatory networks.
2.3.5 Discussion
In this study, we employed ridge regression to predict miRNA expression from RNA
sequencing data,  leveraging its  strengths in  handling high-dimensional  data and
capturing multicollinearity. Ridge regression has been widely used in genetic studies
to address the challenges posed by complex datasets, particularly those involving
gene  regulatory  networks  [311–314].  Its  ability  to  manage  large  numbers  of
correlated features while maintaining robust predictions makes it ideal for exploring
the regulatory interactions between miRNAs and their target genes, which are often
characterized by overlapping regulatory roles and multicollinear  gene expression
profiles [156,168,251]. Our models performed well for over 353 miRNAs (R2 > 0.5),
likely due to their higher expression levels facilitating stronger signal detection.
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Among the top  100 miRNAs with  the  highest  mean expression,  only  eight  were
predicted  with  R2  values  below  0.5,  reinforcing  the  strength  of  the  model  in
capturing the regulatory dynamics of highly expressed miRNAs.
In contrast, miRNAs with lower expression levels posed a greater challenge. This is
likely due to their lower signal-to-noise ratios, making it difficult for the model to
distinguish true signals from background noise. Random Forest regression did not
improve  predictions,  suggesting  limited  predictability  may  stem  from  biological
variability or sparse input features. Lastly, regularization in ridge regression tends to
shrink the coefficients of low-expression miRNAs, reducing their predictive accuracy.
However,  this  trade-off  is  crucial  for  preventing  overfitting  as  the  model  must
balance  capturing  meaningful  patterns  without  allowing  noise  to  dominate  the
predictions  [195,315,316].  A  critical  factor  in  the  model’s  success  was  carefully
selecting  the  regularization  parameter  (alpha),  which  we  set  to  11,000.  This
relatively high regularization was essential due to the inclusion of a large number of
gene features.
While  existing  methods  predominantly  address  miRNA  expression  imputation
through  techniques  such  as  constrained  least  squares  and  GO-based  similarity
measures, our approach broadens the application to both healthy and tumor tissues,
enhancing  predictive  performance  without  the  need  for  imputation  strategies
[305,317].  Although no current tool  provides pretrained models for direct miRNA
prediction from gene expression, we benchmark our approach against miRSCAPE
[198], which infers miRNA levels from scRNA-seq and reports a mean Spearman
correlation of 0.45 across 10 TCGA cancer cohorts, focusing on miRNAs expressed in
over 50% of samples. miRSCAPE also reports improved performance over miREACT
based on bulk RNA-seq data  [306].  In  comparison,  our  model  achieves a higher
mean  Spearman  correlation  of  0.55  across  1300  miRNAs,  despite  using  a  less
stringent filtering threshold. We attribute this performance gain to two factors: the
use of a linear ridge regression model, which generalizes well in high-dimensional
settings, and the approximately two-fold increase in training data as we aggregated
samples  across  all  cancer  types  rather  than  limiting  to  individual  cohorts.  By
predicting miRNA expression directly from RNA-seq-derived expression matrices, our
set of models offers broader applicability without the need for pre-existing miRNA
profiles. Our study is further strengthened by the availability of scripts that enable
researchers  to  train  their  own models  using  TCGA or  similar  datasets,  providing
flexibility in  adapting the approach to diverse research questions.  By integrating
these  computational  tools,  we  aim  to  facilitate  reproducibility  and  extend  the
practical applications of miRNA prediction. These resources empower users to not
only  predict  miRNA  expression  but  also  explore  novel  regulatory  relationships
tailored to specific datasets and biological systems.
Our  analysis  of  connectivity  within  the  miRNA–gene  network  reveals  significant
relationships between prediction accuracy (R2 > 0.5) and the degree of direct gene
interactions. Positive correlations with degree centrality and betweenness centrality
suggest that miRNAs with greater regulatory influence tend to exhibit more stable
and predictable expression patterns. This highlights the importance of considering
miRNAs not in isolation but within the context of their broader network interactions.
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miRNAs with high centrality likely act as regulatory hubs, influencing a wide range of
target genes across critical biological pathways.
We observed a significant  enrichment of  biological  processes related to synaptic
function  and  cardiovascular  systems.  Terms  such  as  “synapse  organization”  and
“cardiac muscle contraction” consistently appeared in the GO analysis for miRNAs
with  high  R2  values,  indicating  a  role  in  crucial  physiological  pathways.  This  is
further validated by the pathway enrichment results, where signal transduction and
cardiovascular pathways dominated. Filtered miRNAs, such as miR-1-1, miR-208b,
and miR-133b, which showed strong associations with cardiovascular-disease-related
pathways,  have  been  extensively  documented  as  key  players  in  their  role  in
cardiovascular  disease  progression  and  biomarkers  in  the  literature  [318–321],
providing  further  validation  of  our  findings  and  highlighting  their  critical  role  in
cardiovascular  regulation.  miRNAs  may  play  an  essential  role  in  the  heart’s
adaptability to varying physiological stimuli, allowing for rapid regulatory responses
critical in maintaining cardiac rhythm and contractility [322,323].
In neurons, miRNAs may function as highly localized regulatory elements, helping to
control mRNA pools in distant cellular locations like dendrites. This setup supports
rapid, synapse-specific protein synthesis and is well suited to the nervous system’s
dynamic demands,  where miRNAs act  as localized regulators  that  inhibit  protein
production from stored mRNAs [324]. This regulatory mechanism is consistent with
the  presence  of  multiple  polyadenylation  sites  in  neural  transcripts  [325,326],
allowing for flexible transcript pools finely regulated by miRNAs.
By subsetting these miRNA–gene networks based on genes predictive for miRNAs
and  enriched  in  signal  transduction  pathways,  we  identified  miRNAs  specifically
linked to these pathways. When cross-referenced with independent databases, these
selected miRNAs also showed higher expression in their respective tissues that are
nerve, adrenal gland, and brain.
This organ-specific expression additionally validates our methodological approach,
indicating  that  the  miRNAs  identified  as  key  players  especially  in  synaptic  and
cardiovascular  pathways  are  biologically  relevant.  This  finding  is  consistent  with
existing research that demonstrates the tissue-specific roles of miRNAs in both the
heart  and  brain  [327,328].  Our  analysis  highlights  several  miRNAs—miR-1,  miR-
133b,  miR-208b,  miR-137,  and  miR-124—that  not  only  show  high  predictive
accuracy but are also strongly linked to known biological functions, reinforcing the
validity of our models. miR-1 and miR-133b are well-established regulators of cardiac
function,  implicated  in  muscle  differentiation,  arrhythmias,  and  heart  failure
[329,330]. miR-208b, intronic to MYH7, is known to regulate cardiac hypertrophy
[331]. In the nervous system, miR-137 plays a central role in regulating synaptic
vesicle  trafficking,  neurotransmitter  release,  and  presynaptic  plasticity—functions
essential for proper synaptic activity and neuronal signaling [332]. miR-124, one of
the  most  abundant  brain  miRNAs,  has  been  shown  to  fine-tune  the  timing  and
amount of adult neurogenesis  [333]. The strong model performance and pathway
enrichment of these miRNAs support the biological coherence of our predictions and
functional connection to respective genetic regulators.
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One limitation of this study is the model’s reduced accuracy in predicting miRNAs
with low expression levels,  likely due to weaker signal-to-noise ratios and sparse
data for these miRNAs. Additionally, the miRNA–gene network used in our analysis is
based on current datasets,  which are continuously evolving as new experimental
data becomes available. As a result, some regulatory interactions may be missing,
and  the  network  may  not  fully  capture  all  relevant  biological  relationships,
potentially limiting the scope and applicability of our findings.
This  study  illustrates  the  effectiveness  of  ridge  regression  for  predicting  miRNA
expression levels from gene expression data, offering a computational alternative to
direct miRNA measurement. By analyzing the predictive gene–miRNA relationships,
we revealed key insights into the functional roles of miRNAs, particularly in synaptic
and  cardiovascular  processes.  Our  findings  provide  a  foundation  for  further
exploration of miRNA regulation in disease contexts, and the framework developed
here has the potential for broader applications in miRNA-related research. In future
work, integrating deep-learning-based approaches may offer improved adaptability
and performance, particularly for harmonizing and modeling data originating from
multiple experimental platforms [334].
2.3.6 Methods
2.3.6.1 Data Collection
We sourced expression data from TCGA [69], selecting all samples across all cancer
types that included both miRNA sequencing and RNA-seq data from the same tissue
condition  (either  tumor  or  normal).  Our  dataset  comprised  10,464  matched
expression  profiles,  with  9828 derived from tumor  tissues and 636 from normal
tissues.  To  ensure  uniformity  and  comparability  across  all  samples,  we  used
normalized expression values using Transcripts Per Million (TPMs). This normalization
method accounts for differences in sequencing depth and gene length, providing a
standardized framework for subsequent analysis.
2.3.6.2 Data Preparation
To model miRNA expression levels, we utilized gene expression values as predictive
features. The initial data preparation phase involved several key steps: loading the
RNA-seq and miRNA-seq datasets and filtering the feature matrix by removing rows
with more than 1050 zeros and 1050 NaNs,  a threshold set to 10% of  the total
samples. This threshold was selected to eliminate features with excessive missing or
non-expressed values while retaining a broad set of informative predictors. For the
label matrix, we applied a less stringent threshold of 10,000 zeros and 10,000 NaNs.
Given  that  miRNA  expression  is  often  tissue-specific  and  generally  lower  in
abundance,  this  threshold  allows  us  to  retain  miRNAs  present  in  at  least  325
samples, capturing approximately 70% of miRNAs, even those expressed at lower
levels.  This filtering strategy enabled elimination of non-informative features and
labels, enhancing the robustness of subsequent analyses. We also removed features
with zero variance to focus on informative predictors.
Next,  we  applied  a  Z-transformation  using  the  StandardScaler  function from the
scikit-learn library  [192] to standardize the features so that the values of different
features are on the same scale to ensure that the regularization applies equally to
all coefficients, which is important for the performance of the ridge regression.
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2.3.6.3 miRNA Expression Modeling
For each miRNA, the dataset was split into training (80%) and test (20%) subsets
using random sampling, and ridge regression was applied using the Ridge function
from  scikit-learn.  This  regularization  technique  is  effective  in  managing
multicollinearity  and  high-dimensional  datasets,  chosen  for  its  ability  to  prevent
overfitting and enhance prediction stability.  The regularization parameter  (alpha)
was set at 11,000 after initial tuning after an initial grid search with 5-fold cross-
validation on the same training set over a range of values (1, 10, 100, 1000, 10,000,
11,000, and 15,000), selecting 11,000 as it yielded the highest number of miRNAs
with R2 values greater than 0.5 while maintaining the lowest mean absolute error.
This  methodology  ensures  that  the  test  set  remained  completely  independent
throughout  the  training  and  model  optimization  process  to  provide  an  unbiased
evaluation of model performance. Interestingly, running the same model with the
top  3% of  features  with  the  highest  absolute  coefficients  yielded  similar  results
(Supplementary  Tables  S1  and S2).  While  we focused on  these  top  features  for
downstream analysis, we retained all features for modeling, as computing efficiency
was not significantly impacted, and the overall results improved. Given the set of
TPM-normalized gene expression data, our method can be applied to predict miRNA
expression using the provided predict_microRNA_expression.py script.
2.3.6.4 Model Performance Evaluation
The models were trained on the training set and evaluated on the test set using
metrics such as R2, median absolute error, and mean absolute error (Supplementary
Tables  S1  and  S2).  These  metrics  provided  a  comprehensive  view  of  model
performance across different miRNAs. The final dataset consisted of 21,044 features
(mRNA expression data) and 1300 miRNAs as targets. All features were retained in
the final models as feature exclusion did not improve model efficiency and retaining
them enhanced predictive accuracy. The top 3% genes with the highest absolute
coefficients for miRNAs predicted with R2 > 0.5 are provided in Supplementary Table
S6. The entire modeling process was conducted using Python version 3.10 and R
version  4.4.  For  comparison,  we  also  trained  models  using  the  Lasso  and
RandomForestRegressor functions from the scikit-learn library [192], using the same
training and test splits as for ridge regression (Supplementary Table S3).
2.3.6.5 Network Construction and Subsetting
Following the predictive modeling, we constructed a network of miRNAs and their
target  genes.  This  network  was  built  by  combining  experimentally  validated
interactions  from  the  miRTarBase  [168],  DIANA-TarBase  [156],  and  TRANSFAC
databases  [276]. Additionally, we complemented these interactions with predicted
conserved interactions from the TargetScanHuman 8.0 [16] with conservation scores
higher  than  0.5  to  ensure  a  comprehensive  representation  of  miRNA–gene
interactions. In this network, each node represents a gene or miRNA, and the edges
represent the interactions between them.
2.3.6.6 Connectivity Metrics
To analyze miRNA connectivity within the network, we used the biomaRt package
[335] to classify gene biotypes as protein-coding or long non-coding RNAs (lncRNAs).
Key connectivity metrics were computed using the igraph package  [336]: degree
assessed  the  number  of  direct  interactions,  betweenness  measured  the  role  of
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miRNAs as bridges in the network, and evcent evaluated their influence based on
connections. Communities were computed with cluster_louvain. Pearson correlation
coefficients between R2 values and centrality measures were calculated using the
cor  function.  Network  metrics  for  miRNA–gene  regulatory  interactions,  including
connectivity measures, centrality scores, and community structure, are provided in
Supplementary Tables S4 and S7.
2.3.6.7 Gene Ontology (GO) Term Analysis
For the Gene Ontology (GO) term analysis, we focused on the top 3% of the most
predictive genes for each miRNA, selected based on R2 values greater than 0.5. This
analysis concentrated on significant findings with adjusted p-values smaller than
0.05.  Utilizing  the  enrichGO  function  from  clusterProfiler  [171],  we  examined
biological processes (BP), molecular functions (MF), and cellular components (CC) to
uncover  the  biological  and  molecular  underpinnings  influenced  by  these  highly
predictive  genes.  Detailed  GO  term  enrichment  results  are  provided  in
Supplementary Table S5.
2.3.6.8  Pathway Analysis
For the pathway analysis, we again focused on the top 3% most predictive genes for
each miRNA with R2 values greater than 0.5. We performed enrichment analysis
using the KEGG database  [172], applying a threshold of adjusted p-values smaller
than 0.05 to identify significant pathways (see Supplementary Tables S8 and S9).
This  involved  utilizing  the  enrichKEGG  function  from  the  clusterProfiler  [171]
package  to  map  the  predictive  genes  to  their  associated  biological  pathways,
providing insights into the regulatory frameworks governing miRNA-mediated gene
expression.
2.3.6.9 Disease Enrichment
The disease  enrichment  analysis  was  conducted  using  the  top  3% of  predictive
genes for each miRNA, identified based on R2 values greater than 0.5. These genes
were cross-referenced with the Human Phenotype Ontology database [337] through
the g:Profiler web platform [338], with a p-value cutoff of 0.01 (see Supplementary
Table S10)
2.3.6.10 Organ-Specific miRNA Expression
For  the  comparison  of  organ-specific  miRNA  expression  levels  between  miRNAs
associated with signal transduction pathways and all other miRNAs with R2 values
greater than 0.5, we utilized the TAM 2.0 database [169] to extract miRNA levels for
each organ. The expression levels of the pathway-specific miRNAs were contrasted
with the remaining miRNAs, and the significance of the differences was assessed
using a t-test using t test function of the R stats library.
2.3.7 Conclusions
We present a robust ridge regression framework for predicting miRNA expression
from RNA-seq data, identifying over 350 miRNAs with high predictive accuracy. Our
models uncover key gene–miRNA regulatory relationships, particularly in synaptic
and  cardiovascular  pathways,  and  highlight  tissue-specific  expression  patterns
linked to biological function and disease. The accompanying pretrained models and
scripts offer a reproducible tool for miRNA prediction, with broad applicability in both
research and clinical settings.
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2.4 Target-site  Dynamics  and  Alternative  Polyadenylation  Explain  a
Large Share of Apparent MicroRNA Differential Expression

2.4.1 Preamble
This chapter is a preprint on bioRxiv: 
Cihan,  M.,  More,  P.,  Sprang,  M.,  Marini,  F.,  &  Andrade,  M.  (2025).  Target-site
Dynamics  and  Alternative  Polyadenylation  Explain  Large  Share  of  Apparent
MicroRNA Differential Expression. bioRxiv, 2025-09.
https://doi.org/10.1101/2025.09.29.679194
The  supplementary  files  associated  with  this  publication  are  available  via  the
article’s DOI.
2.4.2 Abstract
MicroRNA  (miRNA)  abundance  reflects  a  dynamic  balance  between  biogenesis,
target engagement, and decay, yet differential expression analyses typically ignore
changes in target-site availability driven by alternative polyadenylation (APA). We
introduce MIRNAPEX, an expression-stratification-based machine learning framework
that  quantifies  miRNA  regulatory  effect  sizes  from RNA-seq  data  by  integrating
target-gene  expression  with  3′UTR  isoform  usage  to  infer  effective  binding-site
dosage.  Using pan-cancer  training sets,  we train  models  that  learn relationships
between transcriptomic  features and miRNA log-fold  changes,  with  APA patterns
providing predictive information beyond gene expression alone.  When applied to
knockdowns  of  core  APA  regulators,  MIRNAPEX  captured  widespread  3′UTR
shortening  and  accurately  anticipated  miRNA-specific  shifts  whose  direction  and
magnitude  mirrored  APA-driven  changes  in  binding-site  availability.  Analysis  of
target-directed miRNA degradation interactions further showed that loss of distal
decay-trigger  sites  coincides  with  increased  miRNA  abundance,  consistent  with
reduced degradation.  Together,  these findings demonstrate that  apparent  miRNA
differential  expression can arise from dynamic target-site landscapes rather than
altered  miRNA  transcription,  and  that  neglecting  this  dimension  can  lead  to
misestimation of regulatory effect sizes.
2.4.3 Introduction
MicroRNAs (miRNAs) are short (∼22-nt) non-coding RNAs that post-transcriptionally
regulate  gene  expression  by  binding  to  partially  complementary  sites  in  the  3′
untranslated regions (3’UTRs) of target genes [290]. By doing so, miRNAs fine-tune
developmental  programs,  buffer  cellular  stress  responses,  and,  if  dysregulated,
contribute to diverse disease phenotypes, including metabolic disorders, cancer, and
neurogenerative diseases [11,339–341]. Considering the essential role of miRNAs in
maintaining normal physiology and their potential as predictive biomarkers  [342],
accurate  quantification  of  their  expression  level  is  crucial.  In  comparative
transcriptomic analyses,  differences in miRNA expression between conditions are
commonly interpreted as indicators of altered post-transcriptional regulation and a
reflection of broader regulatory state changes [343,344]. However, the steady-state
level of a mature miRNA reflects a moving balance of three broad processes that
determine the cellular abundance of each miRNA species. First, biogenesis, which
includes transcription of  the primary transcript,  Microprocessor  cleavage,  nuclear
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export,  Dicer  processing  and loading  of  Argonaute  (AGO)  proteins  to  form RNA-
induced  silencing  complexes  (RISCs),  sets  the  potential  pool  of  mature  miRNAs
[5,11]. Second, target engagement redistributes miRNA–RISC complexes across the
transcriptome and determines how strongly a given miRNA can repress its targets in
a  particular  cellular  state  [16,24,339].  Third,  decay  pathways  remove  mature
miRNAs, with general turnover mechanisms such as tailing and trimming followed by
exonucleolytic decay controlling their half-life [345,346].
In addition, target-directed miRNA degradation (TDMD) is a process in which binding
to  a  highly  complementary  target  transcript  actively  triggers  destabilization  and
decay of the miRNA itself, thereby accelerating its decay. For instance, systematic
AGO-CLASH analyses have revealed numerous endogenous transcripts that act as
TDMD triggers, indicating that target-directed decay of miRNAs is more prevalent
than previously  recognized  [34,41,347].  Because biogenesis,  target  engagement,
and decay, including TDMD, act simultaneously and dynamically, observed changes
in miRNA abundance may not directly report transcriptional output but can reflect
shifts in target availability and turnover.
Accordingly, several studies have estimated miRNA activity from properties of their
targets, showing that target gene abundance and site affinity predict miRNA levels,
AGO binding, and competition effects  [307,348–350]. Intuitively, target expression
sets the demand placed on a miRNA, such that abundant, site-rich targets increase
demand,  whereas  depletion  of  those targets  reduces  it  [349,351,352].  However,
most target-centric approaches treat each gene as if it had a single, fixed 3’UTR,
overlooking the widespread phenomenon of alternative polyadenylation (APA) [115].
APA leads to the generation of transcript isoforms with distinct 3′UTR lengths and
can  therefore  add  or  remove  canonical  miRNA  binding  sites  as  well  as  highly
complementary TDMD trigger sites, dynamically altering the effective binding-site
dosage available to each miRNA. Indeed, more than half of human genes utilize APA
to generate alternative 3′UTR isoforms, meaning that dynamic 3′UTR length changes
broadly  modulate  available  miRNA  binding  sites  and  thus  influence  post-
transcriptional regulation [115,125,326,353]. Since APA is a widespread mechanism
that controls 3′UTR length and miRNA-site availability, perturbation experiments of
core APA factors (such as CFIm25, CFIm68 and CPSF6) have shown that knocking
them down remodels thousands of 3′UTRs across the transcriptome [122,123]. Such
APA-driven  alterations  in  miRNA  targeting  have  been  shown  to  impact  gene
expression  programs  stem  cell  function  and  differentiation,  and  oncogenic
transformation, among others, highlighting the crucial interplay between APA and
miRNA regulation in fine-tuning cellular phenotypes [354,355].
Despite  this,  most  DE  analyses  of  miRNAs  ignore  dynamic  changes  in  effective
target-site dosage caused by APA and their impact on TDMD, creating a gap in how
observed miRNA shifts are interpreted. We therefore hypothesize that APA-driven
3′UTR remodeling, by altering binding sites, systematically shapes mature miRNA
levels such that effective target-site availability correlates with the effect size of
miRNA regulation, typically quantified as log fold-change (logFC), between states
and samples. Consequently, apparent miRNA DE often reflects target-site dynamics
rather than altered miRNA transcription.
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Motivated by this gap, we introduce MIRNAPEX, an expression-stratification-based
interpretable machine learning (ML) framework that predicts miRNA logFC from RNA-
seq by integrating target-gene expression with  3′UTR isoform usage to  estimate
effective binding-site dosage. Beyond prediction, we quantify the relative impact of
APA  variation  on  each  miRNA  and  apply  MIRNAPEX  to  APA-factor  perturbation
datasets  to  test  whether  global  3′UTR  shortening  produces  predictable  shifts  in
miRNA levels. We further examine curated TDMD trigger–miRNA pairs to see if loss
of  distal  TDMD sites  coincides  with  expected  increased  miRNA  abundance  [34].
Altogether,  this  approach  shows  how  transcriptomic  variation,  including  3′UTR
remodeling,  shapes  miRNA  abundance,  underscoring  that  miRNA  DE  and  its
estimated effect size should be interpreted in the context of dynamic target-site
landscapes.
2.4.4 Methods
2.4.4.1 Data Collection
To train the ML models for predicting miRNA logFCs based on RNA sequencing data,
we assembled datasets from The Cancer Genome Atlas (TCGA) [69]. We downloaded
all available mRNA and miRNA quantification data from TCGA and cross-referenced
these samples with the TC3A database  [356], a resource that applies the DaPars
algorithm to TCGA RNA-seq data to quantify APA patterns [117]. APA is represented
by percentage of  distal  usage index (PDUI)  values,  that  serve as a measure for
distinguishing  long  and  short  3′UTRs.  PDUI  values  range  between  0  and  1.  For
miRNA we obtained isoform-level quantification files and mapped them to mature
miRNA entries using miRBase annotations [7].
The final dataset comprised 8460 samples with matched mRNA, miRNA, and APA
profiles. Specifically, it includes TPM values for gene expression, mean RPM values
for 2,000 mature miRNAs, and PDUI values for between 1058 and 11,266 genes per
cancer type. Because APA usage is influenced by gene expression and biological
context, the number of genes with valid PDUI values varies across cancer types. In
total,  the  dataset  spans  32  distinct  TCGA cancer  types  and forms  the  basis  for
training the miRNA-specific ML models.
2.4.4.2 Feature Engineering and Sample Definition
For each miRNA, putative target genes were obtained from the microT database
[157] and  ranked  according  to  their  gene-level  microT  interaction  scores.  To
systematically evaluate the impact of feature set size, we constructed multiple input
variants per miRNA by selecting the top 25, 50, 75, 100, 250, 500, 750, 1000, and
2000 highest-scoring target genes that are reported to have APA measurements. To
generate training examples for  each miRNA,  we first  randomly split  all  available
samples into training (80%) and test (20%) sets. For model evaluation, the training
set was further divided into five folds for cross-validation (CV). Within each fold,
samples were stratified into high and low expression groups based on the expression
level of the respective miRNA. Each sample from a specific fold was then randomly
paired with a sample from the opposite expression group within the same fold. This
strategy  enabled  the  creation  of  diverse  sample  pairs  representing  varying
expression  differences  while  preventing  data  leakage  between  training  and
validation  subsets.  For  each  generated  sample  pair,  we  computed  gene-level
differential  features  for  all  target  genes.  Specifically,  we calculated the logFC in
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mRNA expression between the two samples and the corresponding difference in
PDUI  values  (ΔPDUI)  for  APA  usage.  To  avoid  undefined  values  due  to  zero
expression, a correction of +1 was applied prior to logFC calculation. ΔPDUI values
range between −1 and 1, reflecting relative changes in distal polyadenylation site
usage. Features are computed in the same way for the test and full training sets
(Figure 2.4.1).

Figure  2.4.1:  Workflow  for  training  ML  models  to  predict  miRNA  logFC.  Matched  TCGA  samples
containing mRNA expression, APA profiles, and miRNA expression are split into random training (80%)
and test (20%) sets, with the training set further divided into cross-validation folds. Within each fold,
samples are stratified by miRNA expression levels and randomly paired in both directions to prevent
data leakage during training. For each miRNA, annotated target genes with valid APA measurements
are selected, and differential features (mRNA logFC, ΔPDUI) are computed for each sample pair. The
observed miRNA logFC serves as the prediction label, and the same feature computation is applied
across folds, the test set, and final training set after hyperparameter tuning. A separate ML model is
trained  for  each  miRNA  to  capture  the  relationship  between  transcriptomic  changes  and  miRNA
expression dynamics.

2.4.4.3 Training ML models to predict miRNA expression changes
We trained a range of ML algorithms to predict logFC values of mature miRNAs using
the transcriptomic feature sets  described above.  To evaluate model  performance
under varying input conditions, we generated multiple training datasets based on
different random pairings of samples and varying numbers of miRNA target genes
(ranging from 25 to 2000). For each configuration, we trained both linear and non-
linear  regression  models  implemented  in  the  scikit-learn  library  [192],  including
ordinary least squares (OLS),  Lasso (LA),  Ridge (RI),  Elastic  Net (EN),  histogram-
based gradient boosting regressor (HB), random forest regressor (RF) and multilayer
perceptron (MLP). Hyperparameters for each model were optimized using CV within
the training folds. For each miRNA, the model and hyperparameter combination that
achieved the highest mean R2 across CVs was selected and retrained on the full
training set to produce the final predictive model.
2.4.4.4 The MIRNAPEX workflow
The  resulting  miRNA-specific  ML  models  form  the  core  of  MIRNAPEX,  enabling
prediction of  miRNA logFC values between two groups of  RNA-seq samples.  The
MIRNAPEX pipeline automates the full process, starting from the raw FASTQ files. It
integrates  the  GDC  mRNA  quantification  pipeline  [357] and  DaPars-based  APA
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analysis  [117,356,358] to  compute  gene-level  logFC  and  ΔPDUI  values  for
predefined  miRNA  target  genes.  These  features  are  then  passed  to  pretrained
miRNA-specific regression models to predict logFC values for 1165 miRNAs across
any two user-defined sample groups (Supplementary Figure 6.1).
2.4.4.5 APA perturbation
To test whether APA-driven changes in binding-site availability translate into shifts in
mature miRNA levels, four RNA-seq comparisons of APA-regulator knockdowns with
matched  controls  were  analyzed.  These  perturbations  remodel  3′UTRs,  altering
binding-site dosage. MIRNAPEX was then applied to predict miRNA log-fold changes
between perturbed and control samples, and concordance with APA-driven target-
site changes was evaluated. The datasets involve CFIm25 knockdown in HCT116
(GSE158591) as CFIm25-KD-1  [359]; CPSF6 knockdown in HEP3B (GSE229281) as
CPSF6-KD [360]; and the HEK293 experiments comprising an independent CFIm25
knockdown replicate and a CFIm68 knockdown (GSE179630) as CFIm25-KD-2 and
CFIm68-KD  [122],  respectively.  We  validated  mature  miRNA expression  levels  in
respective cell lines using DIANA-miTED [173] and annotated miRNA binding sites on
target transcripts with predictions from the DIANA-microT [157]. 
To  approximate  transcriptional  contributions  to  miRNA  abundance,  we  derived
intronic transcriptional proxy measurements for a subset of TDMD pairs in which the
miRNA  is  encoded  within  an  intron  of  the  trigger  or  host  transcript.  These
measurements capture changes in transcription at the pri-miRNA locus and were
used  to  evaluate  whether  mature  miRNA  logFC  could  be  explained  by  altered
transcription.
2.4.5 Results
2.4.5.1 Transcriptomic Prediction of miRNA expression changes
miRNA logFC values between sample groups were predicted using features derived
from their putative target genes. Two types of features were considered: gene-level
logFC values, reflecting differential mRNA expression, and ΔPDUI values, capturing
changes in APA patterns. Together, these measures serve as proxies for the relative
abundance of miRNA binding sites within their target genes. To avoid reliance on a
single  modeling  assumption,  we  compared  several  commonly  used  regression
algorithms that differ in their treatment of high-dimensional feature spaces. These
include  linear  models  with  L1  or  L2  regularization,  which  emphasize  feature
selection or coefficient shrinkage, as well as non-linear models that capture complex
relationships through ensemble or  kernel-based approaches.  To assess predictive
performance, ML algorithms were built using feature sets of varying size, defined by
ranked microT interaction scores (see Methods for details).
Linear  models  substantially  outperformed  non-linear  approaches  in  predicting
miRNA logFC values across feature set sizes (Figure 2.4.2A). EN achieved the highest
mean R2, followed closely by LA and RI, while non-linear models such as RF, HB, and
MLP performed worse. As a baseline algorithm, OLS exhibited a marked decline in
performance  once  the  feature  set  exceeded  ∼250  genes,  highlighting  the
importance  of  regularization  in  high-dimensional  settings.  These  findings  are
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consistent with prior observations that linear models are well suited for modeling
miRNA expression dynamics [350].

Figure 2.4.2: Prediction performance of ML models for miRNA logFC. (A) Line plot of mean R2 values
across different ML algorithms as a function of the number of input features (tick marks represent
logarithmically spaced values). Algorithms are abbreviated as follows: EN, elastic net; LA, lasso; RI,
ridge regression; HB, HistGradientBoost ; MLP, multilayer perceptron; RF, random forest; OLS, ordinary
least squares. (B) Distribution of R2 values from EN trained with 1000 features across all evaluated
miRNAs. (C) Fraction of miRNAs achieving R2>0.5 as a function of the number of input features (tick
marks represent logarithmically spaced values). (D) Dot plot of Pearson correlation between predicted
and observed logFC values versus miRNAspecific R2 . (E) Comparison of cross-validation R2 against
test  set  R2 across  miRNAs.  (F)  Mean  absolute  error  (MAE)  and  mean squared  error  (MSE)  across
algorithms (for 1000 features).  (G) Relationship between the standard deviation of predicted logFC
values and relative error (RMSE/standard deviation). The distribution of standard deviation values is
shown as a histogram.

A feature set size of 1000 was selected as the optimal balance between predictive
accuracy and interpretability (Supplementary Table 1). At this scale, EN achieved a
mean R2 of 0.41 across all  miRNAs, and the distribution of prediction accuracies
showed that 817 miRNAs (41%) surpassed the R2 > 0.5 threshold, with a mean R2
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of  0.69  for  this  subset  (Figure  2.4.2B,C).  These  highly  predictable  miRNAs  (HP-
miRNAs) were prioritized for downstream analyses. Across all miRNAs, the average
Pearson correlation between predicted and observed logFC values was 0.62, while
the correlation increased to 0.83 for HP-miRNAs (Figure 2.4.2D). Robustness of the
models was further supported by the strong concordance between cross-validation
and  test  set  performance,  with  a  Pearson  correlation  of  0.98  (Figure  2.4.2E),
indicating minimal over- or underfitting.
To  further  benchmark  model  accuracy,  prediction  errors  were  compared  across
algorithms at the 1000-feature setting (Figure 2.4.2F). EN achieved the lowest mean
absolute  error  (0.91)  and  mean  squared  error  (1.60),  further  highlighting  its
robustness  relative  to  the  other  methods.  Moreover,  analysis  of  relative  error
revealed that prediction error scaled proportionally to the variance of the observed
logFC values and remained small relative to the standard deviation, particularly for
HP-miRNAs (Figure 2.4.2G).
Together,  these  analyses  demonstrate  that  effect  size  estimate  of  the  miRNA
expression  regulation  can  be  predicted  with  high  accuracy  and robustness  from
transcriptomic features.
2.4.5.2 Expression- and APA-driven signals jointly shape miRNA prediction accuracy
The prediction of  miRNA activity  from transcriptomic  data  has traditionally  been
based on mRNA expression levels measured by RNA-seq or microarray platforms
[198,306]. To investigate the added predictive value of 3′UTR patterns, we evaluated
the role  of  APA.  Specifically,  we trained ML models  for  each  miRNA using three
different feature sets: expression-only, APA-only, and combined expression plus APA
features.
Expression-only models achieved a mean R2 of 0.39 across all miRNAs, while APA-
only  models  performed  slightly  lower  with  a  mean R2  of  0.36.  Importantly,  the
combined models improved performance to a mean R2 of 0.41, demonstrating that
APA  contributes  complementary  predictive  information  beyond  gene  expression
alone  (Figure  2.4.3A).  Among  the  HP-miRNAs,  there  were  802  miRNAs  for  the
expression-only and 617 for the APA-only models scoring with R2 > 0.5. Although the
gain  in  overall  prediction  performance  when  using  expression  and  APA  features
together  is  modest  compared  with  using  either  feature  set  alone,  this  analysis
demonstrates two important points. First, APA-only models perform comparably to
expression-only models, indicating that a measure independent of gene expression
quantification,  namely  3′UTR  length  patterns,  can  predict  differential  miRNA
behavior.  Second,  combining  expression  and  APA  features  provides  a  unified
framework to assess their relative and context-dependent contributions to miRNA
regulation. To assess model performance on high-confidence miRNAs, we evaluated
MIRNAPEX  predictions  for  MirGeneDB-supported  miRNA  genes  [8].  Across  all
MirGeneDB miRNA entries, the mean predictive accuracy was R² of 0.61. At the gene
level, allowing either mature arm to contribute, 364 of 506 MirGeneDB miRNA genes
showed  strong  predictability  (R²  >  0.5).  Together,  these  results  indicate  that
MIRNAPEX performance is strongest for high-confidence miRNA annotations and is
not driven by low-confidence miRBase entries.
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To further investigate the predictive signal, we examined feature contributions from
both the miRNA and target gene perspectives.
From the miRNA perspective, analysis of average coefficients confirmed that both
expression-  and  APA-derived  features  contributed  substantially  to  prediction
accuracy, with no miRNA relying exclusively on a single modality (Figure 2.4.3B).
Expression features were moderately more influential overall, with 77% of miRNAs
showing higher weights for expression than for APA. This bias, however, was rather
modest  than  extreme,  and  no  outliers  exhibited  complete  dependence  on  one
feature type, consistent with previous observations.
From  the  gene  perspective,  we  assessed  whether  target  genes  contributed
systematically through expression or APA features. Among 8260 target genes across
all  HP-miRNAs,  70%  exhibited  a  bias  toward  expression-derived  contributions.
Specific  examples  included  CITED1,  SLC52A2,  and  ACTG2,  which  were  primarily
expression-driven, whereas IFITM1 and PRDX6 were dominated by APA. Nonetheless,
most genes featured in many miRNA models (>200) showed no strong preference,
again highlighting the balanced contributions of both modalities (Figure 2.4.3C).
To further dissect modality-specific contributions, we stratified genes into APA- and
expression-dominant groups based on the 10th and 90th percentile cutoffs of their
dominance  fraction.  This  classification  yielded  891  APA-dominant  and  768
expression-dominant  genes  across  all  HP-miRNAs.  Notably,  genes  with  high
prevalence across multiple  miRNAs typically  exhibited only  moderate dominance
(Figure 2.4.3D). 
When comparing variability across modalities, expression-dominant genes showed
higher  variance in both expression and APA relative to APA-dominant genes.  For
expression values, median coefficients of variation were 0.716 versus 0.650, and for
APA, 0.225 versus 0.221. A Wilcoxon rank-sum test confirmed significantly greater
variability in expression (p < 0.001) and APA (p < 0.01) for expression-dominant
genes.  Importantly,  APA-dominant  genes  did  not  exhibit  elevated  APA variability
across miRNAs, indicating that their predictive contribution reflects systematic APA
regulation rather than noise (Figure 2.4.3E). Similarly, the top 100 recurrently used
genes  were  rarely  exclusive  to  APA  or  expression,  but  instead  reflected  mixed
contributions (Figure 2.4.3F).
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Figure 2.4.3: Contribution of APA and expression features to miRNA logFC prediction. (A) Comparison of
predictive  performance  for  models  trained  with  APA-only,  expression-only,  or  combined  features.
Boxplots show the distribution of  R² scores across miRNAs. (B) Scatter  plot  of  average normalized
absolute  coefficients  for  APA  versus  expression  features  across  miRNAs  with  R2>0.3.  Each  point
represents  one  miRNA,  colored  by  predictive  performance  (R²).  (C)  Hexbin  plot  of  gene-level
contributions,  showing  mean  percentage  weight  of  APA  versus  expression  features  across  highly
predictable miRNAs (R² ≥ 0.5).  Color scale denotes the number of  miRNAs in which a given gene
contributes.  (D)  Scatter  plot  of  APA  dominance  fraction  versus  gene  prevalence  across  all  genes
contributing to miRNAs with R² ≥ 0.5. Each point represents one gene, with dashed lines marking the
10th and 90th percentile cutoffs used to define expression-dominant versus APA-dominant gene sets.
(E) Coefficient of variation for APA versus expression features within the extreme APA-dominated and
expression-dominated gene deciles. These measurements represent the raw variability from which APA
and expression features are derived for model training. Stars denote outliers above the plotted range.
(F) Heatmap of categorical dominance (APA versus expression) across all miRNAs with R² ≥ 0.5 and the
100 most prevalent genes. Rows are ordered by decreasing miRNA R², and columns by decreasing
gene prevalence.  White  indicates  that  the  gene  was  not  a  selected  feature  for  that  miRNA,  blue
indicates higher absolute expression coefficient, and red indicates higher absolute APA coefficient. 
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Figure  2.4.3  (continued):  (G)  Stacked  barplots  of  sign  concordance  between  APA  and  expression
coefficients  across  all  genes  for  miRNAs  with  R²  ≥  0.5.  Colors  denote  the  four  possible  sign
combinations:  both  positive  (++),  APA  positive  with  expression  negative  (+−),  APA negative  with
expression positive (−+), and both negative (−−). miRNAs are stratified into two groups based on their
composition, using a threshold of 10% (−−). (H) Comparison of R² values between the two stratified
groups.

2.4.5.3 Bimodal sign patterns reveal distinct Expression–APA relationships
Beyond their  relative  magnitudes,  the  coefficient  signs  for  expression-  and  APA-
derived features reveal how these two modalities tend to co-vary within our models.
In general, positive coefficients for both expression and APA of target genes indicate
that  higher  expression  together  with  more  distal  3′UTR  usage  is  statistically
associated with higher  predicted miRNA levels,  whereas negative coefficients  for
both  modalities  indicate  the  opposite—lower  expression  combined  with  more
proximal  site  usage is  statstically  associated with  lower  predicted  miRNA levels.
These  associations  reflect  predictive  relationships  and  do  not  imply  a  specific
direction of causality.
To assess whether individual miRNAs exhibit systematic patterns in how expression-
and APA-derived contributions relate across their target genes, we summarized the
distribution  of  coefficient  sign  combinations  separately  for  each  miRNA.  miRNAs
were then stratified according to whether concordant (++ and −−) or discordant (+
− and −+)  sign  patterns  predominated  among their  targets.  This  grouping  was
introduced to distinguish miRNAs for which expression and 3′UTR architecture tend
to act in the same direction from those in which the two modalities contribute in
opposing directions.
Applying this stratification revealed two dominant groups of miRNAs. About 423 HP-
miRNAs (52 %) were dominated by the concordant sign patterns (++ and −−), in
which expression and APA coefficients share the same sign. The remaining 390 HP-
miRNAs (48 %) were dominated by the discordant sign patterns (+− and −+), in
which coefficients have opposite signs (Figure 2.4.3G).
This  bimodality  highlights  two  prevalent  modes  by  which  expression  and  APA
features  relate  to  miRNA  levels.  Interestingly,  these  two  groups  also  differed  in
predictive  performance,  with  mean  R2  values  of  0.74  and  0.65,  respectively
(Wilcoxon rank-sum test, p < 0.01; Figure 2.4.3H). While the coefficients come from
regularised models and cannot be interpreted as direct effect sizes, the systematic
separation  is  consistent  with  opposing  mechanisms  such  as  compensatory
biogenesis  versus  target-directed  decay.  However,  because  miRNA–target
interactions  are  intrinsically  bidirectional,  increased  target  expression  and  3′UTR
lengthening may coincide with either higher or lower mature miRNA abundance, and
the  present  framework  cannot  distinguish  whether  observed  associations  reflect
dominant target-mediated sequestration, miRNA-driven repression, or a combination
of both. Importantly, this does not diminish the biological relevance of the observed
patterns,  as  the  reproducible  contribution  of  APA  and  expression  features
demonstrates that dynamic changes in target-site availability systematically shape
steady-state miRNA levels.
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2.4.5.4 Global APA regulation as a determinant of miRNA logFC
To  examine  how  APA  modulates  miRNA  expression  dynamics,  we  analyzed  four
perturbation experiments in which key APA-regulatory proteins were knocked down
and  compared  with  matched  controls.  These  datasets  included  knockdowns  of
CFIm25 (two  independent  experiments),  CFIm68,  and  CPSF6,  factors  that  shape
3′UTR processing and thereby influence miRNA binding-site availability  [115].  For
each dataset we applied the MIRNAPEX pipeline to predict miRNA log-fold changes
based solely on the observed gene-expression changes and APA shifts of their target
genes.
Across all  four perturbation experiments (CFIm25-KD-1, CFIm25-KD-2, CFIm68-KD,
CPSF6-KD)  we  observed  predicted  miRNA  logFC  in  both  directions,  with  many
exceeding an absolute value of 1 (Figure 2.4.4A). In CFIm25-KD-1 (4 miRNAs up-
regulated and 15 down-regulated), CFIm25-KD-2 (6 up and 11 down), CFIm68-KD
(20 up and 25 down) and CPSF6-KD (6 up and 14 down), the MIRNAPEX predictions
indicated a range of miRNA logFC rather than a uniform shift. Notably, hsa-miR-182-
5p showed consistent down-regulation in three of the four experiments.
Since the direction of individual miRNA changes correlated with the expression and
APA shifts of their target genes, we investigated how many genes with APA changes
also display corresponding differences in gene expression, and how the direction of
3′UTR change differences relates to the gene logFC to reveal the directionality of
these effects.
Across  the  four  perturbation  experiments,  we  observed  widespread  changes  in
3′UTR usage, with a clear predominance of shortening events and varying degrees
of buffering, expression changes in the opposite direction to the APA effect, likely
reflecting  compensatory  mechanisms  such  as  altered  miRNA  activity  as
consequence of binding site modulation.
In CFIm25-KD-1, 6721 genes displayed altered 3′UTR usage (defined as ΔPDUIs ≥
0.05 for genes with |logFC| ≥ 0.1), with 5325 (79 %) showing shortening; about 1698
(25 %) of these APA-changed genes exhibited opposite (buffering) expression shifts
(Figure 2.4.4B). In CFIm25-KD-2, 385 genes showed altered 3′UTR usage, with 286
(74 %) showing shortening and 175 (46 %) displaying opposite expression changes
(Figure 2.4.4D). In CFIm68-KD, 6902 genes had altered 3′UTR usage, with 5742 (83
%)  showing  shortening  and roughly  1767 (26  %)  exhibiting  opposite  expression
changes (Figure 2.4.4F).  In  CPSF6-KD, 361 genes displayed altered 3′UTR usage,
with  240  (67  %)  showing  shortening  and  about  105  (29  %)  showing  opposite
expression changes (Figure 2.4.4H).
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Figure 2.4.4: MiRNA behaviour in APA perturbation experiments. (A) Heatmap of MIRNAPEX-computed
miRNA logFC across the four knockdown (KD) experiments of  APA-regulatory factors (CFIm25-KD-1,
CFIm25-KD-2, CFIm68-KD, CPSF6-KD). Only miRNAs with |logFC|>1 are displayed. (B, D, F, H) Heatmaps
display, for each gene with an APA change of |ΔPDUI| > 0.1, the direction of 3′UTR change (APA column)
together with the corresponding gene logFC (EXP column). Lengthening of 3′UTRs or positive gene
logFC values are indicated in red, shortening or negative gene logFC values in blue, and no expression
change in  white.  This  representation  highlights  the directionality  of  APA changes  relative  to  gene
expression, showing whether 3′UTR lengthening or shortening coincides with increases or decreases in
gene logFC across APA perturbation experiments. (C, E, G, I) Scatter plots show, for each miRNA across
the  perturbation  experiments,  the  combined  (unscaled)  contribution  of  gene  expression  changes
versus APA changes to  the predicted miRNA logFC as computed by MIRNAPEX.  Points  are shaded
according to the predicted miRNA logFC values across the defined thresholds. (J) Boxplots showing the
proportion of  APA-changed target genes that harbour at  least  one distal  binding site for the same
miRNA (|logFC|>1) in each perturbation experiment. 
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We found that miRNAs with larger predicted changes cluster in quadrants where the
APA  component  change  and  the  observed  miRNA  change  point  in  the  same
direction.  In  CFIm25-KD-1,  CFIm25-KD-2,  and  CFIm68-KD  this  concordance  is
significant (one-sided Fisher’s exact test, p < 0.01 for miRNAs with |logFC| > 0.5),
indicating that a stronger APA contribution is associated with larger miRNA shifts and
vice versa (Figure 2.4.4C;E;G). In CPSF6-KD no enrichment is observed (p = 0.53),
consistent  with  this  perturbation  showing  the  lowest  fraction  of  3′UTR-shortened
genes  among  the  datasets  considered  Figure  2.4.4I).  This  pattern  further
emphasizes that extensive gene shortening in APA perturbations coincides with the
largest  shifts  in  miRNA  levels  and  that,  where  shortening  is  limited,  the  APA
component contributes less strongly to miRNA log fold-changes.
For each miRNA with a predicted change, we assessed whether the 3′UTR shortening
or lengthening of its target genes in the same experiment is associated with altered
availability of binding sites for that specific miRNA. Using the microT predictions,
APA-changed genes were screened for the presence of at least one binding site for
the same miRNA in the region between the proximal  and distal  polyadenylation
sites.  This analysis showed that  in CFIm25-KD-1,  CFIm25-KD-2 and CFIm68-KD a
substantial fraction of shortened targets indeed contained a distal binding site for
the same miRNA, with median values of 77.8%, 79.7% and 83.1% of APA-changed
genes, respectively. In CPSF6-KD the median proportion was much lower (42.9%),
consistent with the weaker shortening seen in this dataset (Figure 2.4.4J).  These
results validate that the predicted miRNA shifts reflect real changes in binding-site
dosage caused by APA remodeling. To further validate PDUI as a proxy for miRNA
binding-site availability, we extended this analysis to all expressed miRNAs in each
perturbation dataset,  independent of their predicted logFC. Across datasets,  APA-
regulated target genes frequently harbored distal binding sites for the corresponding
miRNA, with median fractions of 72.7% in CFIm25 KD—HCT116, 70.7% in CFIm25 KD
—HEK293, 70.7% in CFIm68 KD—HEK293, and 56.5% in CPSF6 KD—HEP3B. These
genome-wide results support PDUI as a meaningful measure of miRNA binding-site
dosage in the present analyses.
In summary, our findings show a strong statistical concordance between APA-driven
target shortening and miRNA logFC. This suggests that at least part of the apparent
miRNA DE we observe may reflect changes in binding-site availability rather than
direct changes in miRNA transcription.
2.4.5.5 APA-driven loss of TDMD trigger sites coincides with miRNA abundance shifts
As APA-perturbation experiments globally shorten 3′UTRs,  we asked whether  this
remodeling also affects established TDMD interactions. We therefore investigated
eight curated trigger–miRNA pairs,  as well  as one negative control,  in  which the
trigger transcript harbours highly complementary sites known to direct miRNA decay
and for which we observed APA changes of the trigger gene. These included CYRANO
with hsa-miR-7-5p, SDC2 with hsa-miR-15a-5p, SERTAD3 with hsa-miR-92a-3p, SSR1
with hsa-miR-218-5p, TRIM9 with hsa-miR-218-5p, TDP1 with hsa-miR-320a-3p, NREP
with hsa-miR-29b-3p, and BCL2L11 with hsa-miR-221-3p,  alongside BCL2L11 with
hsa-miR-221-5p as a negative control [41,361,362].
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For each perturbation dataset we extracted the trigger genes, quantified their ΔPDUI
to confirm 3′UTR shortening, and compared these changes with MIRNAPEX-predicted
log fold-changes of the respective miRNAs (Figure 2.4.5A-I).  This analysis directly
tests  whether  loss  of  distal  3′UTR  regions  containing  TDMD  sites  under  APA
perturbation translates into increases in the abundance of the targeted miRNAs.
Across  the  majority  of  TDMD pairs,  negative  ΔPDUI  values  of  the  trigger  gene,
indicative of 3′UTR shortening, coincided with increased mature miRNA abundance.
This trend was particularly evident for pairs involving CYRANO with hsa-miR-7-5p
(Figure 2.4.5A), SDC2 with hsa-miR-15a-5p (Figure 2.4.5B), SSR1 with hsa-miR-218-
5p (Figure 2.4.5D), TRIM9 with hsa-miR-218-5p (Figure 2.4.5E), TDP1 with hsa-miR-
320a-3p (Figure 2.4.5G), and BCL2L11 with hsa-miR-221-3p (Figure 2.4.5H). In these
cases,  the  strongest  miRNA  up-regulation  was  observed  in  datasets  exhibiting
pronounced  trigger  3′UTR  shortening,  consistent  with  reduced  TDMD-mediated
degradation following loss of distal trigger regions [34]. By contrast, SERTAD3 with
hsa-miR-92a-3p (Figure 2.4.5C) did not exhibit consistent 3′UTR shortening across
perturbations and accordingly showed decreased miRNA abundance in conditions
associated with 3′UTR lengthening, supporting the directional relationship between
trigger 3′UTR architecture and miRNA stability.  NREP with hsa-miR-29b-3p (Figure
2.4.5F)  deviated  from  the  general  trend,  displaying  divergent  miRNA  responses
across  perturbations  despite  trigger  shortening,  suggesting  that  additional
regulatory inputs or context-dependent effects may modulate TDMD efficiency for
this pair.
Importantly, the negative control pair BCL2L11 with hsa-miR-221-5p (Figure 2.4.5I)
did not show systematic miRNA up-regulation despite APA changes of the trigger
gene,  indicating  that  TDMD  sensitivity  is  arm-specific  and  reinforcing  that  the
observed effects are not a general consequence of trigger gene expression changes.
To  distinguish  post-transcriptional  effects  from  altered  miRNA  production,  we
additionally  compared  mature  miRNA  logFC  values  with  transcriptional  proxy
measurements  derived  from  host-gene  or  pri-miRNA-associated  expression
estimates (hollow circles in  Figure 2.4.5A–F). For all TDMD pairs showing increased
mature miRNA abundance under trigger shortening, the transcriptional proxy logFC
was lower or unchanged, indicating that the observed miRNA up-regulation cannot
be  explained  by  increased  transcription.  In  contrast,  NREP  with  hsa-miR-29b-3p
showed no consistent separation between transcriptional proxy and mature miRNA
changes, in line with its context-dependent behaviour.
Taken together, these results indicate that MIRNAPEX captures TDMD-linked miRNA
behaviour in the majority of curated cases, and that APA-driven loss of distal trigger
regions  is  frequently  associated  with  increased  mature  miRNA  abundance
independent of transcriptional changes. This supports the view that a substantial
fraction  of  miRNA expression  changes  observed  under  APA  perturbation  reflects
altered TDMD site availability rather than solely changes in miRNA transcription.
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Figure  2.4.5:  APA-driven 3′UTR shortening of  TDMD trigger  genes  and miRNA abundance changes.
Scatter plots relating APA changes of TDMD trigger genes to the log fold-change of their paired mature
miRNAs  across  APA-perturbation  datasets.  Each  panel  corresponds  to  one  trigger–miRNA pair:  (A)
CYRANO with  hsa-miR-7-5p,  (B)  SDC2 with hsa-miR-15a-5p,  (C)  SERTAD3 with hsa-miR-92a-3p,  (D)
SSR1 with hsa-miR-218-5p, (E) TRIM9 with hsa-miR-218-5p, (F) NREP with hsa-miR-29b-3p, (G) TDP1
with  hsa-miR-320a-3p,  (H)  BCL2L11  with  hsa-miR-221-3p,  and  (I)  BCL2L11  with  hsa-miR-221-5p
(negative control). Filled symbols indicate mature miRNA logFC values predicted by MIRNAPEX, while
open symbols  represent transcriptional  proxy logFC estimates.  Points  are coloured by perturbation
dataset.  The  x-axis  shows  ΔPDUI  values  (KD  −  control),  with  negative  values  indicating  3′UTR
shortening, and the y-axis shows log fold-changes. 

2.4.6 Discussion
Steady-state  miRNA  levels  arise  from  a  dynamic  balance  of  biogenesis,  target
engagement and decay, including TDMD, yet DE of miRNAs is often interpreted as
evidence of altered post-transcriptional regulation [16,34,345]. Within this balance,
APA  reshapes  3′UTR  isoform  usage  and  therefore  affects  effective  dosage  of
canonical binding sites and highly complementary decay triggers [115,363]. To test
whether such transcriptome remodeling predicts miRNA logFCs between conditions,
we  developed MIRNAPEX,  which  reads  out  target-centric  features  derived  jointly
from gene expression changes and APA.
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Across miRNAs, features derived solely from APA were predictive on their own and,
when combined with mRNA expression, consistently improved performance, showing
that 3′UTR remodeling contributes information absent from total transcript levels.
Mechanistically this is consistent with the idea that site dosage and binding strength
together determine AGO occupancy and repression efficacy [18,364,365].
From a  gene-centric  perspective,  many  targets  contributed  to  prediction  mainly
through expression features,  reflecting changes  in  total  abundance and baseline
miRNA  binding  site  load,  while  others  were  dominated  by  APA,  consistent  with
isoform switches that add or remove distal  sites  or decay triggers without  large
changes in total transcript levels [115].
Both target-gene expression and APA influence predicted miRNA logFC: expression
dominates overall, but APA leads for many targets. Interestingly, miRNAs fall into
two behavior classes: in one, expression and APA effects align, more transcript and
longer  3′UTRs  go  with  higher  miRNA  levels,  and  in  the  other,  they  oppose,  so
increased  site  availability  is  associated  with  lower  miRNA.  This  bimodal  pattern
suggests distinct regulatory modes for different miRNAs, not just variation in target
abundance; such modes are consistent with competition and sequestration effects
and observed differences in miRNA-mRNA network behavior in recent studies [129].
Applying MIRNAPEX to experimental data where core APA regulators were knocked
down revealed broad 3′UTR shortening, consistent with the known global impact of
APA perturbations,  with  variable  buffering  at  the  expression  level  and  predicted
miRNA changes in both directions [119,120,123]. Decomposing predictions showed
that  the  largest  miRNA  shifts  clustered  where  the  APA  contribution  and  miRNA
direction  agreed,  especially  in  perturbations  that  induce  extensive  shortening,
whereas  when  shortening  was  limited,  the  contribution  was  weaker.  Screening
shortened targets confirmed that a substantial majority harbored distal sites for the
same miRNA in these datasets, validating that MIRNAPEX effects stemming from site
dosage rather than spurious correlations.
For  TDMD  trigger–miRNA  pairs  such  as  BCL2L11–miR-221-3p,  NREP–miR-29b-3p,
SSR1–miR-218-5p,  TDP1–miR-320a-3p  and  TRIM9–miR-218-5p,  3’UTR  shortening
generally coincided with higher predicted miRNA abundance, consistent with relief
from  decay  [34,41].  TDMD  triggers  located  in  the  3′UTR  have  been  shown  to
degrade miRNAs more effectively than identical triggers placed in coding sequences
[361], which supports our focus on 3′UTR site loss in interpreting miRNA changes. A
recent study found an endogenous TDMD trigger with minimal non-canonical 3′-end
base-pairing that is  nevertheless sufficient to induce degradation of  the miR-279
family  [366]. This suggests that many APA-associated miRNA expression changes
could reflect widespread but previously uncharacterized TDMD triggers captured by
MIRNAPEX.  These  findings  further  indicate  that  MIRNAPEX  is  sensitive  to
mechanistically defined decay events embedded within broader APA remodeling.
MIRNAPEX has some important limitations.  It  relies on bulk RNA-seq–derived APA
metrics  and  selection  of  features  based  on  predicted  target  sets,  which  are
imperfect proxies for the true binding landscape. Bulk data also mix cell types and
states,  so  shifts  in  composition  could  confound  expression  and  3′UTR  usage.
Furthermore,  coefficients  from  regularized  models  help  interpretation  but  don’t
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explain causal effect sizes and cannot fully separate biogenesis from decay. Finally,
curated TDMD interactions are incomplete and context-dependent, limiting ground-
truth validation.
Integrating direct  AGO-binding data  with  isoform-resolved APA profiles  and more
detailed predictors  of  site  efficacy will  sharpen our  understanding of  how target
landscapes influence miRNA levels. Applying such analyses at single-cell or time-
course  resolution  could  help  separate  cell-state  effects  from  true  regulatory
changes,  while controlled perturbations with matched mRNA, APA and small-RNA
measurements  would  provide  stricter  benchmarks  for  testing  mechanistic
hypotheses.
Our findings suggest that a more comprehensive view of miRNA regulation can be
obtained when dynamic changes in target-site availability and decay processes are
explicitly taken into account. Incorporating these dimensions has the potential to
improve the quality of commonly applied analysis workflows, strengthen functional
interpretations and increase the reliability of biomarker discovery.
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2.5 Genomic variation of human microRNAs and its  association with
functional features

2.5.1 Preamble
This chapter is published in the journal Cellular and Molecular Life Sciences: 
Cihan,  M.,  Andrade-Navarro,  M.A.  &  Morett,  E.  Genomic  variation  of  human
microRNAs and its association with functional features. Cell. Mol. Life Sci. 82, 411
(2025). https://doi.org/10.1007/s00018-025-05936-x
The  supplementary  files  associated  with  this  publication  are  available  on  the
publisher’s website via the article’s DOI.
2.5.2 Abstract
Current  methods  for  annotating  microRNAs  (miRNAs)  often  rely  on  phylogenetic
conservation or expression data, with less attention paid to the impact of human
genetic  variation.  This  limits  our  understanding  of  how variation  shapes  miRNA
function  and  regulatory  dynamics  across  populations.  In  this  study,  we
systematically annotated genomic variants within human miRNAs and investigated
their relationship to functional features and evolutionary constraint. To facilitate this,
we  developed  a  population-based  conservation  metric  that  integrates  allele
frequency  and  positional  coverage  across  miRNA  loci.  We  show  that  miRNA
conservation effectively links to functional roles, as evidenced by associations with
higher  expression  levels,  broader  target  gene  regulation,  and  enrichment  in
essential  biological  pathways.  Conserved miRNAs also preferentially target genes
with fewer alternative polyadenylation sites, indicating more stable and consistent
regulatory interactions. This trend is also reflected in miRNAs with both 5p and 3p
arms, where the more conserved arm typically regulates more targets, especially
when conservation differences between arms are pronounced.  Moreover,  we find
that miRNA genomic variants display population-specific patterns, often co-occurring
with  target  site  variants  to  form compensatory pairs  that  preserve base-pairing.
These  events  suggest  co-evolution  and  several  involve  pathogenic  variants,
indicating  that  some  deleterious  regulatory  disruptions  in  target  genes  may  be
mitigated through compensatory changes in miRNAs that restore binding.
2.5.3 Introduction
Genomic  variability,  driven  by  changes  in  both  protein-coding  and  non-coding
regions, governs key biological processes that influence cellular functions and shape
phenotypic diversity across populations [367]. Specifically, variability in non-coding
regions significantly influences gene expression by affecting chromatin accessibility,
altering mRNA stability, affecting transcription and translation, and modulating key
post-transcriptional mechanisms  [368,369]. Among these mechanisms, microRNAs
(miRNAs)—small  non-coding  RNAs—emerge  as  a  critical  layer  of  regulation  by
binding  to  complementary  sequences  on  target  mRNAs,  thereby  directing  their
degradation or repressing their translation [290]. 
While  the  initial  detection  and  annotation  of  miRNAs  were  primarily  guided  by
criteria such as phylogenetic conservation of sequence and hairpin structure [370],
more  recent  efforts  have  integrated  large-scale  small  RNA  sequencing  data  to
address the complexity of miRNAs. These advances have introduced criteria such as
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precise read mapping profiles, consistency of mature miRNA 5′ ends, and duplex
characteristics,  which  allow  for  higher  precision  in  the  identification  of  species-
specific miRNAs alongside conserved ones  [7]. Challenges in miRNA identification
persist  due  to  biases  from  RNA  sequencing  quality  and  depth,  leading  to
misannotation  [371].  Additionally,  inconsistencies  arise  from  the  lack  of
standardized identification criteria  across  species,  as  thresholds  for  conservation
and  sequencing  read  counts  vary,  complicating  accurate  identification  and
comparisons of  lineage-specific miRNAs  [372].  Moreover,  species-specific miRNAs
with low conservation and low read profiles are particularly prone to be identified as
false  positives,  necessitating  rigorous  experimental  confirmation  to  validate
computational predictions [7]. 
While accurate annotation of miRNAs is critical to avoid false positives, the outcome
of  miRNA function  are  further  shaped by  sequence  variability  in  the  population.
These genetic variants can occur both within the miRNA itself or their target sites,
altering seed specificity and therefore target recognition, by disrupting or creating
new binding regions in mRNA 3′UTRs  [53,373]. Consequently, variants can lead to
changes  in  gene  expression  patterns,  contributing  to  phenotypic  diversity  and
disease, with roles in oncogenesis, metabolic disorders, and inflammatory conditions
through the modulation of regulatory networks and protein levels [61]. 
The  genomic  variability  of  miRNAs  within  human  populations  highlights  a  clear
distinction between high-confidence miRNAs, which show minimal genetic variation
likely  due to their  essential  regulatory roles,  and species-specific miRNAs,  which
exhibit greater variability as they adapt to lineage-specific functions [54].
With the availability of extensive human genomic variation data from gnomAD v4.1
[374],  we  aim  to  investigate  miRNA  conservation  within  human  populations  by
developing  a  scoring  method  that  evaluates  the  authenticity  and  functional
relevance of miRNAs. This scoring approach reflects their biological  relevance by
assessing variant frequency and distribution in relation to their location within the
mature miRNA. We further expanded these analyses by examining multiple factors,
including target interaction dynamics, and genomic variation characteristics. These
include aspects such as annotating target genes, functional enrichment, alternative
polyadenylation patterns, co-evolution with targets, and variant properties such as
transition-transversion  and  InDels  ratios.  Our  method  aims  to  enhance  our
understanding of miRNA function in a context of genomic variant distribution and
points towards potential misannotations of miRNAs.
2.5.4 Methods
2.5.4.1 Data collection and processing
We  obtained  genomic  variation  data  from  gnomAD  v4.0  [374],  which  includes
76,215 Whole Genome Sequencing (WGS) and 730,947 Whole Exome Sequencing
(WES)  datasets.  We  filtered  these  datasets  to  retain  only  genomic  variants
corresponding to alleles located within the genomic regions of 2,883 mature human
miRNAs and 1,918 precursor miRNAs, as defined by miRBase  [7], considering only
alleles that passed quality control for genomes. The seed region of each miRNA was
defined as positions 2–7 within the mature miRNA sequence. Joint allele frequencies
(AF) from gnomAD [374], selected for presence in WGS data but optionally in WES
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variant data without discrepant AF, were used for downstream analyses. For 156
mature miRNAs there are no reported genomic variants that pass the filters.  We
consider these miRNAs as having a conservation score of 1 but excluded them from
downstream analyses, as they do not provide any population-specific information.
2.5.4.2 Conservation score computation
To quantify  conservation for  each miRNA,  we computed an  Overall  Conservation
Score (OCS). This score integrates parameters that capture conservation within the
seed region, outside the seed region, the number of positions with variants, and the
total number of variants across the miRNA. The Seed Conservation Score (SCS) is
defined as

where fs represents the AF of a seed variant and ns is the total number of seed
variants. Similarly, the Non-Seed Conservation Score (NSCS) quantifies conservation
outside the seed region, using the same formula but applied to non-seed variants,
defined as 

where fns represents the AF of a non-seed variant and nns is the total number of
non-seed variants. The Positional Coverage Score (PCS) evaluates the proportion of
variant-free positions within the miRNA and is defined as
 

where pv is the number of unique positions with variants and L is the total length of
the miRNA. The Total Variants Score (TVS) assesses the overall burden of variation
and is defined as
 

where vt is the total number of variants across the miRNA and L is the total length of
the miRNA. The OCS combines these scores with weights assigned to SCS, NSCS,
PCS, and TVS, respectively:

These parameters capture conservation in the seed region, outside the seed region,
positional coverage, and the overall burden of genomic variation, respectively. 
To determine the optimal weights, we used the expression-conservation overlap as a
robust  estimation of  the functional  relevance  of  miRNAs.  Specifically,  we aim to
maximize the overlap between the most expressed and most conserved miRNAs for
various weight  combinations.  The tested weight combinations are constrained to
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sum up to 1, with the additional conditions that the weight for the seed region (α)
must be higher than the weight for the non-seed region (β) and that each weight
must be greater than 0, varying in increments of 0.1.
To  ensure  a  robust  evaluation,  we  consider  two  independent  datasets  reporting
miRNA  expression:  the  miRNATissueAtlas2  [174] and  the  Adult  Genotype-Tissue
Expression  (GTEx)  database  [375].  For  each  weight  combination,  we  tested
thresholds of 5%, 10%, 15%, 20%, and 25% to capture the computed overlaps of the
high  conserved  and  top-expressed  miRNAs.  Although  certain  miRNAs  may  be
conditionally expressed, those consistently detected across tissues are likely to be
genuine  and  functionally  relevant.  We  therefore  used  these  subsets  to  find  the
weight parameters. At the same time, it does not exclude conditionally expressed
miRNAs from being identified as highly conserved and such miRNAs can still receive
high OCS values based on their variant profiles, regardless of their expression levels.
For  each  weight  combination  and  threshold,  we  calculate  the  average  F1-score
across  the  two  datasets,  integrating  both  precision  and  recall  to  evaluate
conservation-expression overlap. To identify the most robust weight combination, we
computed the z-score of the average F1-score for each weight combination relative
to  all  others  at  each  threshold.  The  z-scores  quantify  how  much  a  weight
combination deviates from the mean performance at a given threshold. Finally, we
calculated  the  average  absolute  z-score  across  all  thresholds  for  each  weight
combination. The weight combination with the highest average absolute z-score is
selected as the optimal choice, as it consistently outperforms others relative to the
mean,  highlighting  its  robust  performance  across  diverse  biological  contexts.
Sequences  identical  across  multiple  genomic  loci  were  collapsed under  a  single
mature miRNA name, and the final OCS was computed at the level of mature miRNA
sequences.
2.5.4.3 miRNA expression
We obtained a comprehensive dataset of 42,494 RPM-normalized miRNA expression
values across multiple tissues and conditions from isomiRdb  [376], and compared
OCS values to the mean expression across the entire dataset. Additionally, tissue
average expression values for 2,656 miRNAs were obtained from miRNATissueAtlas
2 [174]. The small RNA-sequencing data from the GTEx Portal used for the analyses
described comprises 2,564 miRNAs and were obtained on December 16 2024 [377] .
While  GTEx  and  miRNATissueAtlas  databases  were  utilized  during  the  weight
optimization process, isomiRdb expression data served as the primary dataset for
downstream analyses.
2.5.4.4 miRNA targets
Human  miRNA  targets  based  on  the  hg38  human  reference  genome  were
downloaded from the microT database  [157]. Only binding sites within the 3'UTR
regions of genes were considered, and interactions were restricted to those with a
default  gene-miRNA  interaction  score  of  at  least  0.7  and  a  miRNA  recognition
element (mre) score of 0.01. This resulted in 11,421,667 annotated miRNA binding
sites  for  183,257  unique  miRNA-gene  pairs.  In  addition,  we  downloaded  all
conserved miRNA binding sites from TargetScanHuman 8.0 [16] and cross-validated
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our  findings by  comparing the number  of  targeted genes  across  high-  and  low-
conservation miRNA groups with respect to the presence of APA sites.
2.5.4.5 Polyadenylation sites
Polyadenylation sites mapped on hg38 were obtained from PolyASite 2.0 [256]. Only
polyadenylation  sites  located  in  exon  regions  of  protein-coding  genes  were
considered in the analysis. The representative alternative polyadenylation (APA) site
for each gene was defined in PolyASite 2.0 as the position with the highest read
support among all APA sites.
2.5.4.6 Computation of compensatory variant pairs
Genomic variation in miRNA seed regions or in their binding sites in target genes
can  disrupt  regulatory  interactions.  We aim to  investigate  whether  variations  in
miRNA seed regions and their corresponding binding positions exhibit potential co-
evolution  patterns,  ensuring  that  despite  sequence  variation,  the  binding  pair
remains preserved.
To  do  this,  we  obtained  1,851,543  unique  miRNA-gene  pairs  with  experimental
support  from miRTarBase  [168] and TarBase-v9  [378].  We then  retrieved 3'  UTR
sequences  from  the  hg38  reference  genome  using  BioMart  [379],  selecting  the
longest  3'  UTR  as  the  representative  sequence.  Next,  we  aligned  miRNA  seed
sequences from miRBase  [7] to these 3' UTR sequences, identifying all  matching
6mer, 7mer-A1, 7mer-m8 and 8mer miRNA binding sites [228].
By  definition,  this  alignment  guarantees  at  minimum  a  perfect  match  between
positions 2–7 of  the miRNA seed and the target  site  (6mer).  A genomic  variant
occurring in either the miRNA or the target gene alone would always introduce a
mismatch, potentially disrupting the binding. However, when simultaneous variants
occur at aligned positions in both the miRNA seed and its 3' UTR binding site, their
effect  depends on whether they maintain or  disrupt base-pairing.  If  the variants
preserve complementary base-pairing, they are classified as compensatory variant
pairs, suggesting potential co-evolution. In contrast, if complementary base-pairing
is not preserved,  they are considered disruptive and likely interfere with miRNA-
target  regulation.  We  identified  66,240  compensatory  variant  pairs,  indicating  a
potential  evolutionary  relationship  between  miRNAs  and  their  targets
(Supplementary Table 2).
To  assess  whether  these  compensatory  variant  pairs  are  population-specific,  we
analyzed AF data from gnomAD, which reports the AF for each variant and each
population. A compensatory variant pair was classified as population-specific if both
variants reported their highest AF within the same population rather than in any
other  population.  Using  this  criterion,  we  identified  14,869  population-specific
compensatory variant pairs, while the remaining 51,371 compensatory variant pairs
did not exhibit this population-specific pattern.
2.5.4.7 Functional enrichment and disease association of miRNAs
To assess the functional relevance of miRNAs, we performed enrichment analysis
using MiEAA 2.0 [380], accessed via rbioapi [381], on the top 5% highest conserved
(HC) and 5% least conserved (LC) miRNAs based on OCS; each group corresponding
to  124 mature  miRNAs.  The  enrichment  profiles  of  over-  and  under-represented
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terms were  compared to  identify  patterns  of  functional  divergence  and overlap.
Categories analyzed included GO terms,  pathways,  and disease associations and
cover only significant terms, based on adjusted p-values. Clinical significance was
assessed by cross-referencing variant positions with the ClinVar database [382].
2.5.5 Results
In this study, we investigated genomic variants within miRNAs and their target sites
obtained from gnomAD v4 across different ancestry groups in the human population.
To quantify miRNA conservation, we applied a scoring method that integrates AF and
positional impact of variants within seed and non-seed regions. We further evaluated
this  conservation  score  by  comparing  HC-  and  LC-miRNAs  (highest  and  least
conserved  miRNAs,  respectively)  in  terms  of  their  expression  profiles,  targeting
dynamics,  and functional  roles.  By analyzing allele types and frequencies across
ancestry  groups,  we  identified  population-specific  variants  and  assessed  their
potential  functional  impact.  Rare  and  common  variants  were  characterized  to
explore their relevance in regulatory processes and potential links to disease. This
comprehensive analysis reveals how genomic variation shapes the regulatory roles
of  miRNAs  across  human  populations,  providing  insights  into  their  functional
significance.
2.5.5.1 Characterization of miRNA variants
We identified 55,796 miRNA variants, of which 32,713 mapped in precursor miRNAs
and 23,083 in mature miRNA regions. Among the mature miRNA variants, 16,707
were located in the non-seed region, while 6,376 were in the seed region. These
variants were derived from WGS and WES data. Because many miRNAs are intronic
and  therefore  not  consistently  captured  by  exome  sequencing,  discrepancies
between WGS- and WES-derived variant counts are expected [5]. After filtering for
variants detected in WGS, the total number of variants was reduced to 27,261, of
which 10,677 mapped to mature miRNAs: 7,765 in the non-seed region and 2,912 in
the seed region (Table 2.5.1). On average, one genomic variant occurs every 2.73
base pairs (WGS: 1 SNV every 5.55 bp),  with no significant  differences between
miRNA  regions  (precursor:  2.83  bp,  non-seed:  2.58  bp,  seed:  2.59  bp).  We
categorized  variants  by  their  AF  as  common  (AF>0.05),  single  nucleotide
polymorphisms (SNPs; 0.01<AF<=0.05) or rare (AF<=0.01). Among mature miRNAs,
we found 10,511 rare variants, 98 SNPs, and 68 common variants. Regarding SNPs,
precursor miRNAs exhibited a significantly higher SNP density than mature miRNAs
(Fisher’s Exact Test,  p = 0.006).  and notably, no SNPs were detected in the HC-
miRNAs (Figure 2.5.1a). Within precursor miRNA regions, we identified 32,378 rare
variants,  127 SNPs, and 208 common variants from WGS and WES data. Region-
specific mapping revealed 7,701 variants in the 5′ lower stem (1 variant every 2.82
bp), 6,313 in the 3′ lower stem (1 variant every 2.99 bp), and 14,152 in the terminal
loop (1 variant every 2.48 bp). For hairpins with only one mature strand annotated,
we inferred the opposite arm using the canonical 2-nt 3′ overhang to define the loop
and lower-stem boundaries  [383]. In the flanking regions of precursor miRNAs, we
annotated 10,479 variants upstream (1 variant every 3.11 bp) and 10,834 variants
downstream (1 variant every 3.01 bp) of the precursor on the primary transcript.
A total of 1,710 variants were identified as insertions or deletions (InDels) (Figure
2.5.1b),  with  1,093  occurring  in  precursor  miRNAs,  where  the  InDels  density  is
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significantly higher compared to mature miRNA regions (Fisher’s Exact Test,  p =
0.007). In the mature miRNA regions, 447 InDels were found in non-seed regions,
while 170 were located in the seed region. Within mature miRNAs, the distribution of
variants  remained  similar  between  seed  and  non-seed  regions  (Figure  2.5.1c).
However, when comparing HC-miRNAs with LC-miRNAs, consistently fewer variants
are  observed  in  the  highly  conserved  group.  Moreover,  within  highly  conserved
miRNAs,  positions  7  and  16  showed  a  notably  lower  number  of  variants  after
accounting for miRNA coverage (Figure 2.5.1d). 
Among the annotated variants, we computed the transition-to-transversion (Ti/Tv)
ratio across allele frequency thresholds in miRNAs. Seed regions exhibit a higher
Ti/Tv ratio than non-seed regions for very rare variants (AF ≤ 0.002), but this trend
shifts at higher allele frequencies. Furthermore, precursor regions consistently show
lower Ti/Tv ratios than the combined mature miRNA regions. (Figure 2.5.1e). We next
examined RNA-level mismatches introduced by transitions. Among mature miRNAs,
we found 3,971 pyrimidine  transitions  (C:U),  3,856 purine  transitions  (A:G),  and
1,163 G:U wobble mismatches (Figure 2.5.1g). Across allele frequency thresholds,
A:G transitions were more common in non-seed regions,  whereas C:U transitions
were enriched in seed regions. G:U wobbles predominated in non-seed regions at
low allele frequencies but converged between seed and non-seed regions at higher
frequencies (Figure 2.5.1f).
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Figure 2.5.1:  MiRNA Variant Distribution and Conservation in Human Populations a) Distribution of AF
for all  genetic variants in mature miRNA regions. Variants are categorized based on AF thresholds:
common variants (AF>0.05), SNPs (0.01<AF<=0.05), and rare variants (AF<=0.01). The 5% and 95%
quantiles for miRNA OCS are indicated. b) Distribution of insertions and deletions (InDels) in mature
miRNA regions, shown with Overall Conservation Scores. Variants are colored according to AF as in a).
c) Variant count per position in mature miRNA regions. The dotted line indicates the fraction of mature
miRNAs covering a given position length. d) Same plot as c but for the top 5% most conserved and
least conserved mature miRNAs (124 in each category). e) Transition to transversion ratios of AF across
different regions:  all  variants,  precursor  regions (excluding mature miRNAs),  non-seed regions and
seed regions of mature miRNAs. The number of variants analyzed in each category is labeled. f) Barplot
showing the total number of transition types and G:U wobbles in mature miRNAs. g) Seed–Non-Seed
differences in mismatch type frequencies across allele-frequency thresholds. Positive values indicate
higher fractions in seed regions and negative values indicate higher fractions in non-seed regions.
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Table 2.5.1: Genetic Variants in miRNAs. An overview of 55,796 genetic variants classified into distinct
regions—precursor,  mature,  and seed—based on their  location  within  miRNAs,  further  stratified by
sequencing  method  (genome or  exome)  and  human population  groups  as  annotated  by  gnomAD
database. Variants from genome-sequencing and exome-sequencing can be overlapping.

2.5.5.2 Conservation scoring and miRNA confidence analysis
To  quantify  miRNA  conservation  from human  population  variant  data,  a  scoring
approach  was  developed  that  integrates  four  key  parameters:  allele  frequency-
based conservation in the seed and non-seed regions of mature miRNAs (SCS and
NSCS, respectively), positional coverage (PCS), and total number of distinct variants.
These four parameters were weighed and combined into an Overall Conservation
Score  (OCS).  We evaluated  different  weight  combinations  (34  combinations;  see
Methods for details)  by the overlap between highly scored and highly expressed
miRNAs  at  various  thresholds.  The  hypothesis  here  was  that  miRNAs  with
demonstrated and clear  expression are  very likely  real;  conversely,  miRNAs that
show low or no expression in many samples have high probability of not being real.
Importantly,  this  approach  does  not  exclude  conditionally  or  cell-type–specific
miRNAs from being identified as highly conserved, as such miRNAs can still score
highly based solely on their variant profiles, independent of their expression levels.
The  most  effective  weight  combination  assigned the  highest  importance  to  PCS
(0.6),  followed by SCS (0.2),  NSCS (0.1),  and TVS (0.1).  This weight combination
produced  the  highest  average  overlap  between  highly  conserved  and  highly
expressed miRNAs across all thresholds, emphasizing the critical role of positional
variant  burden  in  defining  conservation.  In  particular,  this  weight  combination
captured the HC-miRNAs better at the threshold of 5%. OCS computation relying
mainly on AF performed suboptimally, indicating that it is insufficient for accurately
predicting conservation (Figure 2.5.2a).
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Joint WGS WES Joint WGS WES Joint WGS WES
7,791 6,711 3,171 3,688 3,122 1,496 1,450 1,197 638
5,697 3,556 3,632 2,705 1,580 1,831 1,019 614 690
1,253 731 953 506 301 387 189 115 152
3,823 1,989 2,603 1,856 837 1,364 746 349 554
2,093 1,074 1,652 970 406 804 354 171 293

19,309 8,395 15,056 9,935 3,878 8,158 3,837 1,457 3,182
1,718 591 1,566 817 227 754 290 81 277
6,900 2,196 5,967 3,414 926 3,020 1,350 335 1,230

Remaining 5,102 1,678 4,409 2,547 682 2,276 986 259 897
Total 32,713 16,584 24,149 16,707 7,765 13,066 6,376 2,912 4,986

African/African American
Admixed American
Ashkenazi Jewish
East Asian
European (Finnish)
European (non-Finnish)
Middle Eastern
South Asian



Figure  2.5.2: Weight Optimization and Overall  Conservation Score a) Weight Optimization for Seed
Conservation Score (SCS), Non-Seed Conservation Score (NSCS), Positional Coverage Score (PCS), and
Total Variants Score (TVS). The stacked bar plot at the bottom visualizes the weight combinations for
these scores, ensuring the weights sum to 1. For each weight combination, we computed the overlap of
conserved miRNAs (based on the computed OCS) with the top-expressed miRNAs derived from the
miRNA Tissue Atlas and GTEx expression data, evaluated at different thresholds on the OCS. At each
threshold, F1 scores for the overlaps were calculated, and a z-score was computed to indicate the
deviation from the average F1 score across thresholds, identifying the optimal weight configuration
(see  Methods  for  details).  b)  Distribution  of  OCS across  all  miRNAs.  The  top  5% most  conserved
miRNAs, as defined by OCS values, are highlighted in blue, while the bottom 5% are highlighted in red.
c) Cumulative Coverage of miRNA Confidence by OCS. Line plots illustrate the cumulative percentage
of miRNAs from mirGeneDB, categorized by their confidence (accepted; rejected), as covered by OCS.

The second-best weight combination (PCS = 0.4, SCS = 0.3, NSCS = 0.2, TVS = 0.1)
outperformed those assigning an even higher weight to PCS (e.g., PCS = 0.5) at
higher thresholds. This suggests that while positional conservation is a key factor,
increasing  its  weight  beyond  a  certain  point  does  not  necessarily  improve
performance.  Instead,  incorporating  allele  frequency-based  conservation
parameters, particularly non-seed conservation, enhances predictive accuracy. This
effect becomes more pronounced at the tested thresholds, where AF considerations
play  an  increasingly  significant  role  in  distinguishing  conserved  miRNAs  (Figure
2.5.2a).
The  distribution  of  conservation  scores  among  mature  miRNAs  indicates  that  a
subset of miRNAs exhibits particularly low conservation, distinguishing them from
the majority. The average conservation score is 0.82, with a standard deviation of
0.07 (Figure 2.5.2b). To further validate the OCS, we compared conservation scores
with all curated annotations from MirGeneDB, which defines sets of accepted and
rejected human miRNAs  [8,372].   The  cumulative distribution  analysis  reveals  a
clear trend where miRNAs annotated as high-confidence are predominantly found
among the most highly conserved miRNAs according to OCS. Conversely, miRNAs
with  the  lowest  conservation  scores  are  more  frequently  associated  with  low-
confidence  annotations  in  mirGeneDB (Figure  2.5.2c).  This  pattern  supports  the
agreement between conservation scores and annotation confidence, and therefore
reinforces the OCS as an effective score to distinguish functionally relevant miRNAs.
In  addition,  we  examined  whether  paralogous  copies  of  miRNAs  influence
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conservation  levels.  Among  2,496  mature  miRNAs  with  variant  data,  116  are
encoded by multiple genomic loci  while 2,380 occur as single copies.  Multi-copy
miRNAs show significantly higher conservation than single-copy miRNAs (Wilcoxon
test,  p  <  0.05).  A  comprehensive  list  of  conservation  scores  for  each  mature
microRNA, along with their corresponding parameters, is provided in Supplementary
Table 1.

Figure  2.5.3:  MiRNA Variants  in  Human Populations  a)  Heatmap of  population-specific OCS values,
displayed  for  the  20  most  variable  miRNAs.  The  populations  considered  include  African/African
American (afr), Admixed American (amr), Ashkenazi Jewish (asj), East Asian (eas), Finnish (fin), Non-
Finnish  European  (nfe),  Middle  Eastern  (mid),  South  Asian  (sas),  and  Remaining  (rem).  b)  Allele
distribution across human populations shown for precursor miRNA regions (excluding mature miRNAs),
non-seed regions, and seed regions of mature miRNAs. The joint AF is presented as an average (avg).

2.5.5.3 Population-specific miRNA variability
The OCS can be computed using subsets of variants corresponding to populations
(as  annotated  in  gnomAD).  Population-specific  analysis  of  mature  miRNA
conservation  revealed  variability  across  different  groups.  For  example,  hsa-miR-
4537,  despite  having  low  overall  conservation,  remains  relatively  preserved  in
Finnish, Middle Eastern, and Ashkenazi Jewish populations. Similarly, hsa-miR-10392-
5p  is  notably  conserved  only  in  Ashkenazi  Jews,  suggesting  a  potential  role  in
population-specific  adaptation  or  genetic  drift  (Figure  2.5.3a).  The  population-
specific  analysis  indicated  that  the  conservation  trends  described  above  are
consistent among populations.  For example, we observed that the distribution of
allele  frequencies  across  all  miRNA  regions  is  significantly  different  between
precursor  and  mature  miRNA  regions  across  all  populations,  with  precursors
harboring  more  alleles  at  higher  frequencies  (Mann-Whitney  U,  p  <  0.05).  No
significant differences were observed between seed and non-seed regions, except
for the East Asian population (Mann-Whitney U, p < 0.05; Figure 2.5.3b).
2.5.5.4 Functional impact of miRNA conservation on gene regulation
Since  our  score  of  miRNA  conservation  was  optimized  using  expression,  it  is
important to examine how expression levels correspond to this measure to see if we
induced  any  undesired  bias.  Mean  expression  levels  across  diverse  biological
conditions  and  tissues  from  isomiRdb  were  analyzed  in  relation  to  miRNA  OCS
values.  A  pattern  emerged  in  which,  as  expected,  lower  conservation  was
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consistently  linked  to  reduced  expression,  but  higher  conservation  did  not
necessarily imply high expression (Figure 2.5.4a). This indicates that the score can
still  highlight  biologically  relevant  miRNAs  that  may  otherwise  go  unnoticed  in
conventional profiling.
Measuring miRNA expression is inherently linked to its precursor form, where both
the 5p and 3p arms are transcribed together and subsequently measured as a single
unit.  While  expression  levels  of  both  arms  may  be  correlated,  differences  in
biological  activity  and  functional  stability  could  lead  to  distinct  conservation
patterns. To investigate this, we analyzed 784 precursor miRNAs with annotated 5p
and 3p arms, comparing their respective OCS values. We found that in 380 cases,
the  3p  arm  is  more  conserved,  while  in  404  cases,  the  5p  arm  shows  higher
conservation. The distribution of conservation differences between the two arms is
balanced (Figure 2.5.4b). Permutation analysis of OCS values reveals significantly
lower conservation differences between miRNA arms than expected by chance (p <
0.01),  suggesting  a  strong  tendency  for  3p  and  5p  arms  to  maintain  similar
conservation levels. This indicates potential  functional or evolutionary constraints
preserving  balanced  conservation  between  both  strands.  To  assess  whether
conservation differences between miRNA arms influence their functional relevance,
miRNAs  were  binned  based  on  their  OCS  difference,  and  the  number  of  target
interactions (as defined in the microT database [157]) for each arm was analyzed. In
the group with the smallest conservation differences, the trend remains subtle, yet
the  more  conserved arm tends  to  have  a  higher  number  of  target  interactions.
However, in the group with the largest OCS differences, this pattern becomes more
pronounced, with 124 cases compared to 74 cases where the more conserved arm
also exhibits a greater number of target genes, suggesting a potential link between
conservation and regulatory significance (Figure 2.5.4c). To test if this association
exceeds  random  expectation,  a  permutation  analysis  confirmed  a  significant
difference  from chance  (p  <  0.01),  supporting  a  link  between conservation  and
miRNA targeting preferences. 
Alternative  polyadenylation  (APA),  leading  to  different  length  of  the  3'  UTRs,
influences miRNA binding site availability  [115]. We tested whether genes lacking
APA sites, which maintain stable miRNA binding, are more frequently targeted by
highly conserved miRNAs compared to the least conserved ones, integrating OCS
scores to assess this relationship. We observe that among 2,784 genes lacking APA
sites, the HC-miRNAs consistently target more genes than the LC-miRNAs across
multiple thresholds of miRNA binding site scores. For instance, without restriction on
binding site scores, this difference is 2,449 vs. 2,061 genes, while considering only
binding sites with an mre  score >= 0.1, the difference becomes 70 vs. 28 genes.
Similarly, among 15,955 genes with multiple APA sites, this trend persists. Without
restriction on binding site scores, the HC-miRNAs target 10,784 genes compared to
10,009 for the LC-miRNAs. When considering only binding sites with an MRE score
>= 0.1, this difference increases to 760 vs. 166 genes (Figure 2.5.4d). 
Further, for each miRNA, we investigated how frequently its miRNA binding sites are
located upstream of a representative APA site (on genes with multiple APA sites). We
found that  this  frequency is  consistently  higher  for  the most  conserved miRNAs
(0.48) compared to the least  conserved miRNAs (0.39).  This  difference becomes
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more pronounced at higher binding site stringency thresholds (Figure 2.5.4e).  To
validate  these  results  independently,  we  repeated  the  analysis  using  conserved
binding  sites  from  TargetScanHuman  [16] and  confirmed  that  highly  conserved
miRNAs preferentially target genes lacking APA sites (911 of 7,339 targets, 12.4%)
compared to the least conserved miRNAs (50 of 622 targets, 8.0%; Fisher’s exact
test  p  <  0.01).  This  independent  dataset  thus  supports  our  conclusion  that
conserved miRNAs are preferentially associated with stable miRNA regulation.
As an additional measure of OCS validity, we assessed the functional implications of
miRNAs and their target genes by annotating and contrasting the Gene Ontology
(GO)  term enrichment  and pathway  associations  of  genes  regulated  by  the  HC-
miRNAs  and  LC-miRNAs.  This  analysis  evaluates  whether  higher  conservation
corresponds to greater regulatory involvement in essential biological processes and
key molecular pathways. We found 2,341 significant terms for HC-miRNAs compared
to 257 significant terms for LC-miRNAs. In particular, no significant GO terms were
identified for LC-miRNAs, whereas HC-miRNAs were significantly associated with 950
GO biological process terms. Additionally, we observed that significant terms for LC-
miRNAs are particularly associated with under-representation in KEGG-pathways and
GO  terms  derived  from  miRTarBase.  The  large  discrepancy  in  enriched  terms
annotated  between  HC-miRNAs  and  LC-miRNAs  supports  the  notion  that
conservation is strongly linked to functional relevance, with HC-miRNAs engaging in
more biologically significant and well-annotated regulatory roles (Figure 2.5.4f).
2.5.5.5 Evolutionary and clinical  insights into compensatory miRNA-target variant

pairs
To investigate potential co-evolution patterns between miRNAs and their targets, we
analyzed variants occurring in both the miRNA seed region and the corresponding
binding site in the 3' UTR of the target gene, while preserving complementary base-
pairing. 
Interestingly, we identified 66,240 compensatory variant pairs in which sequence
variation in both the miRNA and its target maintained base-pairing. Among these,
14,869 pairs exhibited their highest AF in the same population and were classified as
population-specific,  comprising  14,464  rare  compensatory  variant  pairs  and  405
cases in which one or both sites contained a SNP (Figure 2.5.4h; see Methods for
details).  These compensatory  pairs  were  located in  5,792 6mer,  2,576 7mer-A1,
4,519  7mer-m8,  and  1,982  8mer  miRNA  binding  sites.  It  is  noteworthy  that
compensatory  variants  can  only  arise  in  the  context  of  an  initially  deleterious
mutation that disrupts efficient binding of a miRNA to its target, whether through a
change  in  the  miRNA  itself  or  in  its  binding  site.  This  means  that  deleterious
mutations  can  sometimes  survive  in  the  population  and  that  there  is  a  strong
selection  pressure  to  reestablish  the  regulatory  interaction  by  a  compensatory
mutation. 
The  strongest  signals  of  population-specific  compensatory  variant  pairs  were
observed in the Non-Finnish European population (6,525 rare variants; 203 with one
SNP) and the African population (5,702 rare variants; 159 with one SNP; 4 with both
SNPs)  (Figure  2.5.4g,  h).  We  interpret  these  rare  variants  as  those  that  arose
recently, in contrast to the frequent ones that have arisen a long time ago, such that
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they  are  present  in  a  large  proportion  of  the  population.  Moreover,  the  African
population harbors a significantly greater proportion of compensatory to disruptive
binding pairs compared to all other populations, suggesting stronger evolutionary
constraints or selective pressures shaping miRNA-target interactions (Fisher's Exact
Test, p < 0.01). Significance is retained when the analysis is restricted to binding
sites stronger than 6mers (Fisher’s Exact Test,  p < 0.01).  This pattern may also
reflect the higher genetic diversity found in African populations [384].
Co-evolution appears to be more frequent in HC-miRNAs than in LC-miRNAs, as HC-
miRNAs exhibit a significantly higher ratio of compensatory to disruptive binding
pairs at binding positions (Fisher’s Exact Test, p < 0.01; consistent for sites stronger
than 6mers). This suggests that evolutionary constraints are stronger in functionally
essential  miRNAs,  where  compensatory  variants  may  act  to  preserve  regulatory
interactions despite sequence variation. 
To  evaluate  the  clinical  significance  of  these  population-specific  compensatory
variant pairs, we cross-referenced them with ClinVar and identified 108 matches. Of
these,  one  variant  is  classified  as  pathogenic:  MMACHC,  co-occurring  with  a
compensatory  variant  in  hsa-miR-6516-5p.  This  compensatory  variant  pair  is
associated with methylmalonic aciduria and homocystinuria (7mer-m8 binding site),
in  the  Non-Finnish  European  population.  Moreover,  8  variants  have  conflicting
pathogenicity classifications, and 109 are of uncertain significance (Figure 2.5.4i).
While these variants are identified as pathogenic or likely pathogenic, we propose
that their effects are through disruption of a miRNA target site and that they can be
compensated by the corresponding variation in the interacting miRNA. 
To better understand the impact of variants in targeting-dynamics, we also analyzed
the  remaining  51,371  compensatory  variants  that  did  not  meet  the  criterion  of
population-specificity.  Removing  this  restriction  accounts  for  unequal  population
representation  in  the  data  and  natural  AF  fluctuations  that  could  obscure
evolutionary  patterns.  Additionally,  it  helps  identify  functional  compensatory
mechanisms that persist across multiple populations rather than being confined to a
single group. We identified 359 compensatory variant pairs with at least one variant
annotated in ClinVar, including 354 in target genes and 5 in miRNAs. Notably, one
variant in the COMT target gene, co-occurring with hsa-miR-3907, is classified as a
drug response variant associated with Tramadol response. In addition, we observed
8 cases  with  conflicting pathogenicity  classifications and 202 cases  of  uncertain
significance (Supplementary Table 3).
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Figure  2.5.4:  MiRNA  Conservation:  Expression,  Targeting,  and  APA  Dynamics  a)  Normalized  mean
expression levels of miRNAs from isomiRdb and OCS values. b) Sorted differences in OCS between the -
3p and -5p arms of mature miRNAs. Blue represents cases where the -3p arm is more conserved, while
red indicates higher conservation for the -5p arm derived from the same precursor miRNA. c) miRNAs
with two arms were grouped into four bins based on their OCS differences, and the number of cases
where the more conserved arm had more target genes was counted. d) Number of genes lacking APA
regulation for top 5% and bottom 5% miRNAs, as well as for genes with APA, across different thresholds
of miRNA binding site scores (MRE).
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Figure 2.5.4 (continued): e) Ratio of binding sites before a representative APA site per gene for top 5%
conserved and bottom 5% conserved miRNAs. The number of genes considered for each threshold of
miRNA binding is scaled and shown in grey. f) Overview of categories with significantly enriched terms
for of HC-miRNAs and LC-miRNAs identified using miEAA (see Methods for details). g) Counts of co-
occurring compensatory variants in miRNA binding sites, with the highest frequency observed in the
same  population.  h)  Circos  plot  illustrating  co-evolved  miRNA–target  gene  variants  that  are
compensatory both in the miRNA seed and at its binding site within the human genome. Dots represent
the OCS value of  the corresponding miRNA.  Connections  are drawn when both  variants  share the
highest AF for the same population, with increased opacity representing higher AF. At least one of the
two  variants  must  be  a  SNP  (0.01<AF<=0.05).  i)  ClinVar  classifications  of  population-specific
compensatory variants.

2.5.6 Discussion
This  study  investigates  the  population-specific  conservation  patterns  of  miRNAs,
emphasizing their variability, functional roles, and evolutionary significance across
diverse human populations. By leveraging the expanded gnomAD v4 dataset [374],
which provides substantially greater coverage than gnomAD v3 (a 5-fold increase in
WGS  and  a  6-fold  increase  in  WES  datasets),  we  identified  55,796  variants  in
precursor and mature miRNAs. This represents an approximately 2.3-fold increase in
variant  data  within  genomic  miRNA  coordinates  as  compared  to  prior
characterizations [54], highlighting the enhanced resolution and expanded analytical
scope provided by the latest genomic resources. 
The computation of OCS emphasizes positional conservation as the most impactful
determinant  of  miRNA  functionality.  While  the  seed  region’s  role  in  determining
binding specificity and regulatory activity is well established [290,385], the non-seed
region also plays a critical role by stabilizing 3′-end interactions [16,386], enabling
the recognition of non-canonical target sites, the creation of functionally relevant
isomiRs through altered enzymatic cleavage patterns that shift seed location [345]
and allowing RNA editing in non-seed regions, which impacts loading efficiency in
the RISC complex  [348].  This dual  importance supports  the rationale for scoring
variant-free positions equally in both seed and non-seed regions to comprehensively
capture  the  full  spectrum  of  miRNA  functionality.  The  optimization  of  the
computation  of  the  OCS  based  on  expression-conservation  overlap  implies  read
coverage as a key metric  for  miRNA annotation,  linking it  to  greater  annotation
confidence  [7,387].  This  approach  is  further  validated  by  demonstrating  a  link
between  higher  expression  levels  and  functional  significance  in  our  analyses,
reinforcing the role of miRNA expression across multiple biological conditions and
tissues  in  inferring  function  [380,388].  Additionally,  we  validated  our  findings
through  comparison  with  the  accepted  and  rejected  miRNAs  from  mirGeneDB
[8,372].
To  further  validate  OCS  computation,  comparisons  between  HC-miRNAs  and  LC-
miRNAs reveal consistent alignment with biological expectations. LC-miRNAs, while
detectable,  present  lower  expression  levels  compared to  HC-miRNAs,  suggesting
their functional roles may be more context-dependent or specialized. Further, these
miRNAs  with  low  expression  levels  have  been  linked  to  less  connected  target
networks  [350]. In contrast, HC-miRNAs show balanced conservation between -5p
and  -3p  arms,  and  in  cases  of  imbalance,  the  less  conserved  arm  consistently
targets  fewer  genes,  reinforcing  the  link  between  conservation  and  regulatory
relevance.  HC-miRNAs also  preferentially  target  sites  upstream of  representative
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APA sites. Cell-type-specific 3′UTR shortening correlates with the loss of binding sites
for  functional  microRNAs,  implying  selective  evasion  of  miRNA  regulation  [326].
Their  higher  frequency  of  enriched  pathways  and  Gene  Ontology  terms  further
emphasizes  their  functional  significance,  whereas  LC-miRNAs  show  sparse
associations. Moreover, we find that multi-copy miRNAs are more conserved than
single-copy counterparts,  consistent with the expectation that redundancy across
loci  enhances  robustness.  This  finding  is  counterintuitive  since  one  could  have
expected that multiple copies of the same miRNA could be more robust to mutation
than single copy ones.  Patterns of genetic variation also support these findings. The
reported density of 1 SNV per 5.55 bp within precursor miRNAs is lower than the
genome-wide average of 1 SNV per 4.9 bp [374]. Although no significant differences
in SNV density were observed between seed and non-seed regions across all mature
miRNAs,  a  higher  density  was  observed  in  non-seed  regions  compared  to  seed
regions when contrasting HC-miRNAs with LC-miRNAs, aligning with the idea that
non-seed regions in LC-miRNAs are under reduced evolutionary pressure, allowing
for greater variability. 
Additionally,  precursor  miRNAs  exhibit  a  significantly  higher  density  of  common
variants across all populations, again reflecting their greater tolerance for variation
likely due to reduced functional constraints compared to mature miRNA regions [51].
Regional  mapping  showed  slightly  higher  variant  densities  in  terminal  loops
compared to lower stems, consistent with the lower stem’s essential role in Drosha
processing  [389]. While overall Ti/Tv ratios of miRNAs align with previous findings
[390], we observed higher Ti/Tv ratios in seed regions for rare alleles, preserving
binding stability,  while higher-frequency alleles favor non-seed regions,  reflecting
relaxed selective pressure. Given the absence of SNPs in HC-miRNAs, this pattern
underscores  the  critical  role  of  seed regions  in  maintaining  stable  miRNA-mRNA
interactions, whereas non-seed regions in LC-miRNAs tolerate greater variability due
to reduced constraints. The higher transition rate observed for pyrimidines in seed
regions  aligns  with  expectations  from  RNA  structural  studies,  which  show  that
pyrimidine–pyrimidine mismatches are structurally more compatible with the A-form
helices  adopted  by  miRNA  precursors  and  miRNA–mRNA  duplexes  than  bulkier
purine–purine mismatches [390,391].
Collectively, these findings validate the biological relevance of OCS, demonstrating
its  capacity  to  distinguish  miRNAs  with  critical  regulatory  roles  from those  with
limited impact. Moreover, OCS effectively identifies confidently annotated miRNAs
and distinguish from the ones that may have lost functionality through evolutionary
divergence.
Our analyses identified population-specific differences in conservation of miRNAs,
such as in the case of hsa-miR-10392-5p, which is more conserved in Ashkenazi Jews
than in other populations. These findings suggest that certain miRNAs may have
evolved lineage-specific regulatory roles or adaptations influenced by population-
specific selective pressures or genetic drift. Additionally, we observed that certain
miRNA variants often co-occur with their corresponding binding site variants in a
population-specific manner. The fact that we found many compensatory mutations
highlights a very interesting phenomenon of surviving deleterious mutations in a
population  until  they are  rescued by  a  second mutation  that  restores  the base-
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pairing. Our results show that these mutations occur rather frequently in the African
population,  which  harbors  the  highest  genetic  diversity  among  all  populations
studied  [392]. Among these co-occurring population-specific variants,  three cases
were identified as likely pathogenic, highlighting their potential clinical relevance.
Specifically,  variants in target genes MMACHC and COMT that were identified as
pathogenic  or  responding  to  drugs,  are  accompanied  by  compensatory  miRNA
variants in  the respective binding position.  These findings highlight the interplay
between  population-specific  genetic  diversity  and  miRNA-mediated  regulatory
mechanisms, underscoring the potential clinical relevance of such co-evolutionary
patterns. With the expanding knowledge of the links between genomic variants and
disease,  our  annotation  of  potentially  co-evolved  compensatory  variant  pairs  of
miRNAs  and  target  genes  offers  a  valuable  resource  for  investigating  these
relationships.
We are aware that our study has some limitations: These include the bias introduced
by the over-representation of European samples within the gnomAD dataset [374],
the discrepancies in AF annotation resulting from differences between WES and WGS
data  [393], and the lack of sample-specific annotations for co-occurring variants.
This last limitation hinders our ability to fully conclude the biological function of co-
occurring variants in miRNA seed regions and their corresponding target sites.
In  conclusion,  our  study  highlights  miRNA  conservation  patterns  across  human
populations using a novel scoring system that integrates genomic variability, further
validated with correlations with targeting dynamics and functional enrichment. By
distinguishing  highly  conserved  from  less  conserved  miRNAs,  we  reveal  their
regulatory  significance,  population-specific  adaptations,  and  compensatory  co-
evolutionary patterns.
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2.6 Applied motif analysis in collaborations
The  author  of  this  thesis  applied  the  transcription  factor–related  regulatory
knowledge  and  TRANSFAC  database  [276] expertise  gained  in  Chapter  2.2 to
collaborative projects. In the first study, the author contributed computational motif
analysis  to  investigate  transcription  factor  binding  logic  in  immune  cell
differentiation. This work was published as 
Gabele, A., Sprang, M.,  Cihan, M., … Andrade-Navarro, M. A., Tenzer, S., Luck, K.,
Bopp, T., Distler, U. (2025). Unveiling IRF4-steered regulation of context-dependent
effector programs in CD4⁺ T cells  under Th17- and Treg-skewing conditions.  Cell
Reports, 44(3) [394]
and focused on how IRF4 regulates gene expression in CD4⁺ T cells under Th17- and
iTreg-skewing conditions. The author’s contribution centered on the analysis of IRF4
binding sites, including motif enrichment, motif co-occurrence, and the identification
of composite motifs, defined as IRF4 motifs located in close proximity to motifs of
potential co-binding transcription factors. In addition, the author contributed to the
cross-validation of selected composite motifs through comparison with public ChIP-
seq datasets.
By integrating motif analysis with Bio-ChIP-seq profiles, proteomics, and interactome
datasets, this work helped to uncover substantial differences in IRF4’s DNA-binding
architecture between Th17 and iTreg cells.  Th17 cells showed more IRF4 binding
sites  overall  and  a  higher  proportion  of  peaks  containing  composite  motifs,
indicating  a  richer  and  more  diverse  cofactor  environment.  Several  of  these
composite  elements  were  cell-type  specific,  reflecting  distinct  IRF4  partner
transcription factors in each differentiation state. Notably, the analysis highlighted
IRF4–FLI1 composite motifs, which were enriched near key Th17-associated genes
and supported by interaction data and functional  experiments demonstrating the
requirement of FLI1 for Th17 differentiation.
The second publication, 
Gabele,  A.,  Cihan,  M.,  …  Andrade-Navarro,  M.  A.,  Bopp,  T.,  Distler,  U.  (2025).
Protocol for mapping murine transcription factor interactomes and composite motifs
combining  affinity  purification  mass  spectrometry  and  ChIP-seq.  STAR  Protocols,
6(4), 104184 [395],
presents a generalized and standardized version of the analytical workflow used in
the  first  study.  This  protocol  outlines  how AP–MS interactome data,  Bio-ChIP-seq
peak sets, and TRANSFAC-based transcription factor annotations can be integrated
into a coherent analysis pipeline. The author of this thesis contributed to structuring
and formulating the sections that detail the bioinformatics analysis, including data
preprocessing,  peak  extraction,  database-supported  TF  annotation,  and  the
systematic detection of composite motifs. By organizing these analytical steps into a
reproducible and modular format, the protocol offers a broadly applicable framework
for investigating the interactomes and DNA-binding architectures of any biotinylated
transcription factor.
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3 General discussion
3.1 Systems-level integration of microRNA regulation
miRNA  regulation  operates  within  complex  regulatory  environments  shaped  by
transcriptional  dynamics  and  evolutionary  constraint.  Rather  than  arising  from
isolated  binding  events,  miRNA  function  emerges  through  interactions  among
multiple  layers  [5,219,351].  Throughout  this  thesis,  integrative  analyses
demonstrate  how  miRNA  regulation  adapts  to  cellular  state  while  remaining
constrained  by  higher-order  regulatory  organization.  This  view  reframes  miRNA
activity  from a  collection  of  pairwise  interactions  to  a  systems-level  property  of
coordinated regulatory architectures.
Chapter  2.1 establishes  this  perspective  by  addressing  limitations  of  sequence-
based miRNA target prediction. By analyzing miRNA–mRNA interactions within REST-
regulated  gene  sets,  targeting  patterns  are  evaluated  in  the  context  of
transcriptional  co-regulation.  When  regulatory  context  is  incorporated,  miRNAs
preferentially  associate  with  targets  displaying  features  of  functional  regulation,
including  multiple  binding  sites,  favorable  local  sequence  composition,  and
enrichment toward distal regions of 3′UTRs. These properties differ significantly from
background  predictions,  indicating  that  effective  targeting  reflects  coordinated
regulatory programs rather than intrinsic sequence features alone.
At a broader scale, these findings suggest that miRNAs primarily act on gene groups
that  are  already  transcriptionally  coordinated  [141].  Instead  of  introducing
independent regulation, miRNAs tend to modulate existing programs by stabilizing,
buffering, or fine-tuning established expression patterns [290]. This principle recurs
throughout  subsequent  chapters,  where network context  consistently  shapes the
apparent impact of miRNA regulation.
Chapter 2.2 extends this framework to cell-type-specific regulation in glioblastoma.
Here, TF–miRNA–gene feed-forward loops are examined as regulatory motifs whose
function depends on transcript structure. Cell-type-specific APA alters 3′UTR length,
systematically  reshaping  miRNA  binding  site  availability  across  tumor  states.
Although  many  genes  maintain  similar  transcriptional  regulation,  differences  in
transcript  structure  lead  to  distinct  post-transcriptional  connectivity.  The  limited
overlap  between  differential  gene  expression  and  differential  APA  highlights
transcript  structure  as  a  source  of  regulatory  variation  that  is  not  captured  by
expression-based analyses alone. Consequently, specific tumor cell populations can
attenuate  miRNA-mediated  repression  without  altering  core  transcriptional
programs.
These observations underscore transcript structure as an additional organizational
layer  in  regulatory  systems  [115,117].  In  glioblastoma,  APA-driven  remodeling
contributes to differential control of pathways linked to stemness, survival, and DNA
repair,  providing  a  mechanistic  basis  for  regulatory  heterogeneity  that  remains
invisible at the expression level.
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The role of transcript structure in miRNA regulation is examined more systematically
in Chapters  2.3 and  2.4. Chapter  2.3 demonstrates that miRNA expression can be
inferred from mRNA expression profiles, indicating that miRNA abundance is closely
coupled to global regulatory states rather than independently regulated. Chapter 2.4
builds on this insight by showing that APA-derived changes in miRNA binding site
availability  are  informative for  predicting apparent  miRNA expression  differences
across  conditions.  While  transcript  structure  alone  provides  a  detectable  signal,
integrating it with gene expression substantially improves predictive performance.
Together, these results suggest that miRNA steady-state levels are influenced not
only  by  transcription  and  processing,  but  also  by  the  structure  of  the  target
landscape [41]. In particular, APA-mediated gain or loss of binding sites modulates
target engagement and miRNA turnover, consistent with models of TDMD [34].
Chapter 2.5 adds an evolutionary dimension by examining population-scale variation
in human miRNAs. Highly conserved miRNAs are associated with stable regulatory
architectures, target genes with limited APA variability, and occupy central network
positions. In contrast, less conserved miRNAs display greater sequence diversity and
preferentially interact with structurally plastic transcripts. This uneven distribution of
regulatory stability and flexibility reflects distinct evolutionary constraints across the
miRNA–target network.  The identification of  compensatory miRNA–target  variants
further  demonstrates  that  some  interactions  are  buffered  against  system-level
genetic perturbations.
Collectively, these chapters show that systematic miRNA targeting arises from the
dynamics of reguatory layers, network structure, and evolutionary constraint.

3.2 Functional and disease implications of regulatory dynamics
The analyses presented in this thesis indicate that miRNA regulation contributes to
functional  diversity  and  disease  phenotypes  primarily  through  reconfiguration  of
regulatory  interactions  rather  than  uniform  changes  in  expression.  Functional
consequences consistently emerge when miRNA-mediated regulation is reshaped by
cellular  context,  highlighting  context-dependent  regulatory  reorganization  as  a
central determinant of miRNA function in disease [118,212].
In  Chapter  2.2,  single-cell  analyses  of  glioblastoma illustrate  how transcriptomic
plasticity  reshapes  miRNA  regulation  in  a  cell-state-dependent  manner.  APA
accompanies transitions from neoplastic radial glia–like cells toward oligodendrocyte
precursor–like states, with shared APA profiles marking transitional populations along
pseudotime trajectories. These changes are spatially associated with cell types of
tumor border niches, linking transcriptomic remodeling to the interplay of neoplastic
cells with the tumor microenvironment.
Functional annotation reveals that APA-mediated loss of miRNA regulation affects
distinct biological modules across tumor states. In neoplastic populations, affected
pathways  are  enriched for  stemness,  proliferation,  morphogenesis,  and  impaired
apoptotic control, whereas OPC-like cells preferentially evade miRNA regulation of
DNA damage response and glioblastoma-associated signaling. Rather than globally
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escaping  post-transcriptional  control,  different  tumor  states  selectively  modulate
repression of specific functional programs. Coordinated APA and expression changes
in  genes  such  as  EGFR,  GRB2,  and  DVL3 further  connect  post-transcriptional
remodeling to functional adaptation.
At  the  regulatory  motif  level,  disease  relevance  is  concentrated  within  miRNA-
centered  FFLs.  Many  significant  motifs  involve  genes  undergoing  concurrent
changes  in  expression  and  APA  along  pseudotime,  indicating  dynamic
reconfiguration  during  cellular  transitions.  Recurrently  affected  miRNAs  include
neural and lineage-associated families as well as oncogenic hubs. Survival analyses
reinforce the functional significance of this reorganization, as miRNA-centered FFLs
associated with OPC-like tumor populations correlate with patient survival outcome.
Broader relevance is supported by Chapter 2.3, which shows that miRNA expression
reflects coordinated pathway-level gene activity rather than regulation by individual
upstream factors. Predictive gene networks are densely connected and enriched for
shared biological functions, consistent with miRNAs acting as integrative regulatory
nodes. Neuronal and synaptic processes dominate these signatures, indicating tight
coupling between miRNA abundance and physiological  signaling programs rather
than cell identity alone.
Within this framework, miR-137 emerges as a central hub embedded in networks
related  to  synaptic  vesicle  cycling  and  neuronal  signaling,  suggesting  that  its
expression  reflects  synaptic  functional  state.  A  second  regulatory  axis  involves
cardiac and muscle-associated miRNAs linked to pathways governing ion transport,
contractility,  and  excitation–contraction  coupling.  Disease  enrichment  analyses
connect these modules to clinically relevant phenotypes, including arrhythmias and
cardiomyopathies,  with  tissue-specific  expression  patterns  providing  additional
validation [169].
Chapter  2.5 further  refines  these  interpretations  by  linking  evolutionary
conservation to regulatory importance. Highly conserved miRNAs are more deeply
embedded in regulatory networks, control larger target sets, and are associated with
essential  biological  processes,  whereas  less  conserved  miRNAs  occupy  more
context-dependent positions. Selective constraint extends beyond the seed region
across the mature miRNA, and differences between 5p and 3p arms further reflect
asymmetric regulatory responsibility.
Conservation  also  correlates  with  target  transcript  architecture  with  conserved
miRNAs preferentially  regulating genes with  limited APA variability,  whereas less
conserved  miRNAs  acting  within  structurally  dynamic  environments.  Disease
relevance is further supported by evidence that miRNA–target interactions often co-
evolve,  with compensatory variants preserving regulatory pairing despite genetic
change.  Such  events  are  enriched  among  conserved  miRNAs  and  overlap  with
disease- and clinical variants.
Overall, these analyses demonstrate that miRNA regulation contributes to pathology
by selectively reshaping regulatory motifs and functional gene modules in a tissue-
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and  state-dependent  manner.  Transcriptomic  plasticity,  particularly  through  APA,
enables disease states such as cancer to attenuate post-transcriptional control of
specific pathways while preserving core transcriptional programs.

3.3 Computational advances in microRNA analysis
A  central  objective  of  this  thesis  is  to  address  computational  limitations  that
constrain  the  analysis  of  miRNA  regulation  in  complex  transcriptomic  datasets.
These challenges include incomplete or absent miRNA expression measurements,
uncertainty  in  miRNA–target  annotation,  static  representations  of  regulatory
interactions, and limited methods for integrating miRNA regulation across datasets
and biological scales [155,298]
Chapter  2.1 mitigates  the  high  false-positive  rate  of  sequence-based  target
prediction by embedding miRNA–mRNA interactions within transcriptionally defined
regulatory  programs.  By  reframing target  prediction  as  a  context-aware  network
problem, this approach identifies functionally coherent miRNA–target associations
across diverse regulatory settings. Importantly, the framework is extensible and can
be adapted to incorporate additional regulatory layers, such as epigenetic regulation
or RBPs that intersect with miRNA-mediated control.
Chapter  2.2 addresses  the  absence  of  miRNA  measurements  in  single-cell
transcriptomics by inferring miRNA regulatory activity from APA-derived binding site
landscapes  and  regulatory  network  structure.  Emphasizing  changes  in  target
accessibility rather than miRNA abundance enables the identification of biologically
meaningful  regulators,  supported  by  concordance  with  prior  literature  and
associations with patient survival [117,125,129].
In  bulk  transcriptomic  datasets,  missing  or  incomplete  miRNA  profiling  similarly
limits  large-scale  and  comparative  analyses.  Chapter  2.3 introduces  a  machine-
learning framework that predicts miRNA expression directly from mRNA expression
profiles by modeling multivariate transcriptional structure. Regularization enhances
robustness  and  generalizability  across  cancer  types,  enabling  scalable
reconstruction of miRNA expression with improved performance relative to existing
approaches [198].
Building  on  this  framework,  Chapter  2.4 presents  MIRNAPEX,  which  predicts
differential  miRNA  expression  by  integrating  gene  expression  with  transcript-
structure-derived features directly from raw sequencing data. By explicitly modeling
APA-driven changes in miRNA binding site availability, MIRNAPEX avoids the error
propagation  inherent  in  two-step  prediction  strategies  and  provides  a  principled
approach for identifying miRNAs potentially regulated through TDMD.
Finally, Chapter  2.5 introduces a population-based miRNA conservation score that
captures selective constraints within human populations, complementing traditional
phylogenetic conservation metrics. The identification of compensatory miRNA–target
variants further enables assessment of regulatory robustness and co-evolution at
the system level.
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Together,  these  computational  contributions  support  systems-level  analysis  of
miRNA regulation under data availability limitations.  Methods that  are  presented
enable context-aware  target  annotation,  inference  of  miRNA  regulation  in  the
absence of direct measurements, modeling of transcriptomic plasticity, and robust
prioritization of functionally relevant miRNAs and regulatory interactions.

4 Conclusion and outlook
miRNA-mediated gene regulation poses substantial conceptual and computational
challenges,  largely  due  to  its  strong  dependence  on  transcriptomic  context,
regulatory integration, and limitations of current large-scale datasets [159,339,349].
By  integrating  network-based  modeling,  analyses  of  transcriptomic  plasticity,
machine  learning  approaches,  and  population-scale  genomic  data,  this  thesis
demonstrates that miRNA function cannot be understood as an isolated property of
individual  interactions  but  instead emerges  from the  dynamic  interplay  between
miRNAs, their targets, and the structural organization of the transcriptome.
Across the presented studies, a recurring theme is that apparent miRNA activity
often  reflects  changes  in  target  availability  rather  than  changes  in  miRNA
abundance  itself.  APA  was  shown  to  be  a  major  driver  of  this  effect,  reshaping
miRNA binding landscapes in a cell-type-specific manner.  This finding challenges
common interpretations of differential miRNA expression and highlights the need to
explicitly account for transcript isoform usage when inferring regulatory activity. In
parallel, integration of transcription factor networks revealed that functional miRNA
targeting  is  constrained  by  regulatory  context,  allowing  a  shift  from  purely
sequence-driven  target  prediction  toward  biologically  informed  models  with
improved specificity.
While miRNA biogenesis and processing are now well characterized and structurally
resolved  at  high  precision,  the  downstream  rules  governing  target  recognition,
repression strength, and regulatory outcome are highly context-dependent [5]. Non-
canonical targeting mechanisms, including seed-independent interactions, miRNA-
mediated activation of translation, nuclear functions, and TDMD, further expand the
regulatory  repertoire  beyond  classical  repression  model  [5,29,34].  Systematic
investigation of these non-canonical modes remains limited, yet they are likely to
play key roles in shaping miRNA turnover, target selectivity, and regulatory feedback
loops.  In  this context,  improved resolution of TDMD mechanisms holds particular
promise for identifying robust biomarkers, as TDMD links miRNA stability directly to
specific target transcripts and cellular states [34,39,366].
Looking forward, a major bottleneck in the field remains the limited availability of
large-scale  miRNA  data  at  single-cell  resolution.  The  integration  of  high-quality
single-cell miRNA measurements with matched mRNA and isoform-level data will be
essential  to  disentangle  cell-type-specific  regulatory  programs and  to  accurately
map miRNA activity in complex tissues such as tumors  [396]. As data generation
shifts  from  quantity  toward  higher  quality  and  resolution,  future  miRNA  target
prediction  efforts  will  increasingly  benefit  from  fewer  but  more  informative
interactions that are supported by experimental data.
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Artificial intelligence and machine learning approaches will play a central role in this
transition  [165,397].  Rather  than  merely  expanding  prediction  catalogs,  future
models are expected to integrate multi-layered information, including APA profiles,
miRNA  decay  dynamics,  network  topology,  and  single-cell  expression  patterns.
Interpretable  models  that  prioritize  mechanistic  insight  over  raw  predictive
performance  will  be  particularly  valuable  for  identifying  functionally  relevant
interactions.
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6 Supplementary Information 

Supplementary  Figure  6.1:  Schematic  of  the  MIRNAPEX  pipeline,  showing  how RNA-seq  reads  are
aligned and quantified, 3′UTR usage is estimated with DaPars, and expression and APA features are
combined  with  reference  annotations  to  feed  the  pre-trained  models  that  predict  miRNA  log-fold
changes.
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