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Abstract
PIWI-interacting RNAs (piRNAs) are short 21–35 nucleotide molecules that comprise the largest class of non-coding RNAs and found
in a large diversity of species including yeast, worms, f lies, plants and mammals including humans. The most well-understood
function of piRNAs is to monitor and protect the genome from transposons particularly in germline cells. Recent data suggest that
piRNAs may have additional functions in somatic cells although they are expressed there in far lower abundance. Compared with
microRNAs (miRNAs), piRNAs have more limited bioinformatics resources available. This review collates 39 piRNA specific and nonspecific databases and bioinformatics resources, describes and compares their utility and attributes and provides an overview of
their place in the field. In addition, we review 33 computational models based upon function: piRNA prediction, transposon element
and mRNA-related piRNA prediction, cluster prediction, signature detection, target prediction and disease association. Based on the
collection of databases and computational models, we identify trends and potential gaps in tool development. We further analyze
the breadth and depth of piRNA data available in public sources, their contribution to specific human diseases, particularly in cancer
and neurodegenerative conditions, and highlight a few specific piRNAs that appear to be associated with these diseases. This briefing
presents the most recent and comprehensive mapping of piRNA bioinformatics resources including databases, models and tools for
disease associations to date. Such a mapping should facilitate and stimulate further research on piRNAs.
Keywords: Argonaute protein, transposon, database, bioinformatics, piRNA

Introduction
piRNAs are 21–35 nucleotide small noncoding RNA
species produced from distinct loci in most animal
species, while there is limited evidence for their existence
in plants [1–5]. piRNAs were originally discovered in
germline cells and testis as a diverse family of noncoding
RNAs associated with the mammalian homolog of Pelement-induced wimpy testes (PIWI) genes in the
Argonaute family of proteins [6–10]. This association
immediately gave rise to a primary function in germline
cells where subsequent studies have detailed its actions
in maintaining genome integrity via targeting and
degrading transposon transcripts or epigenetic control
of transcription [11–14]. Compared with other small
non-coding RNAs, piRNAs are less conserved and
uniquely generated. Specifically, long single-stranded
piRNA precursors are transcribed from genomic loci

termed piRNA clusters and then transported from the
nucleus to cytoplasm [7, 8, 10]. After transport, piRNA
precursors are further processed by endonucleolytic
cleavage that generates a monophosphorylated end,
which licenses the loading of PIWI proteins and enters
a unique piRNAs biogenesis pathway termed the ‘pingpong’ cycle [15–17]. In this cycle, initiator piRNAs start
with ‘U’ bias, while responder piRNAs contain a 10th
nucleotide ‘A’ bias [18–21], and the newly generated
responder piRNAs can initiate another round of the
‘ping-pong’ cycle. This amplification mechanism forms
a characteristic piRNA signature and explains how
germline cells can generate a large and diverse set of
small RNAs from distinct loci in the genome (Figure 1)
[15, 16]. However, many piRNAs derive from the coding
and 3 untranslated regions (3 UTRs) of mRNAs in both
germline and somatic tissues [22–25]. These piRNAs
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piRNAS in human disease
Reproduction
Since piRNAs were originally discovered via a wimpy
testes phenotype, its role in conditions involving reproduction has been expected, yet very little direct evidence
has been forthcoming in humans. In men diagnosed with
nonobstructive azoospermia, exome sequencing in 924
men uncovered 4 with unique stop-gain, missense and
splice-acceptor site variant mutations of the piRNA processing gene poly(A)-specific RNase-like domain containing 1 (PNLDC1) [33]. Testes biopsy samples showed errorprone meiosis and spermatogenic arrest and RNA-Seq
revealed length distribution and significant alteration in
number of piRNAs.

Heart disease
Evidence that piRNAs may be involved in heart disease
has been accumulating [34]. For example, specific piRNAs were identified as contributing to disease process in
heart failure patient exosomes, chronic thromboembolic
pulmonary hypertension extracellular vesicles (EVs) and
myocardio infarction patient serum [35–37].

Neurological disorders
piRNAs were profiled from prefrontal cortex of six
Alzheimer’s Disease (AD) and six control patients [38].
Concurrent sequencing of 17 replicated risk variants was
also conducted. A total of 103 piRNAs were observed
to be differentially expressed. eQTL analysis identified
the APOE cluster, APOJ loci, LncRNA LOC105373605
and snRNA RNU6-560P with associations [38, 39]. This

suggests that the strongest known variant APOE associated with AD could be linked with piRNA expression.
In a separate small RNA-Seq study, 149 piRNAs were
found to differ between AD and Huntington’s disease
(HD) [26]. The authors found four genes to be downregulated (CYCS, LIN7C, KPNA6 and RAB11A) in AD versus
HD control tissues by RNA-seq and four piRNAs that
target these genes (piR-38240, piR-51810, piR-40666 and
piR-34393) were found to be reciprocally co-expressed
also via RNA-seq. The four genes were members of
AD associated pathways Apoptosis, NMDA receptor
trafficking, dynein-dynactin motor complex in axonal
transport and AMPA receptor delivery, respectively [40].
piRNAs have also been used as biomarkers in AD. Exomes
from cerebral spinal fluid obtained from 42 AD dementia
and 82 controls were obtained, and dysregulation of three
miRNAs and three piRNAs was used to build a novel
candidate biomarker for AD [41].
Particularly strong evidence for how piRNAs might
mechanistically affect AD processes come from model
systems such as fruit flies and nematodes. Studies in
a tauopathy model of Drosophila melanogaster uncovered
deregulation of transposable elements, heterochromatin
decondensation and depletion of piwi/piRNAs [42]. These
data were further validated in human brain cortex and
cerebellar tissues where RNA-Seq revealed significant
over-representation of endogenous retroviruses upregulated, while non-LTR retrotransposons were significantly
over-represented among transposable elements downregulated. Studies in Aplysia and nematodes as well support an important role for piRNA expression in neural
development, memory formation and axon regeneration [42–45]. A Parkinson’s disease model in Caenorhabditis elegans further showed dysregulation of piRNAs [46].
The potential role of piRNAs in other neurological disorders and elucidation of neurodegenerative mechanisms
remains an ongoing endeavor [47–51].

Cancer
A large body of evidence suggests that piRNAs contribute
to the development and progression of cancer [52]. Dysregulation of piRNAs has been observed in a large number of unrelated cancers including in breast, lung, liver
and brain. Similar to studies in neurological disorders,
coordinate reciprocal expression of piRNAs and their targets have been observed and their utility as biomarkers
have been explored [52]. The steps of cancer associated
with piRNAs are diverse including in initiation via effects
on cancer stem cells [53], promotion [54], tumorigenesis
[55], metastasis [56, 57] and progression [58]. Among
the most interesting recent findings is that PIWIL1 can
act independent of piRNA binding to promote gastric
or pancreatic cancer metastasis, respectively [58–60]. An
important contribution from cancer studies has been
the validation that piRNA dysregulation contributes to
disease mechanisms rather than are a consequence. One
example comes from a study showing dysregulation of
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can originate from longer transcripts such as mRNA or
lncRNA, and after transport to the cytoplasm, can be
cut and processed to piRNAs via ribosomes mediated
by proteins such as mov10l1 and TDRD5 [26, 27]. piRNAs
have also been identified in somatic cells with biogenesis
and functions differing from germline [28–32]. Typically,
mature piRNAs contain a 2 -O-methylation modification
at the 3 end and combine with PIWI protein to exert
their function. These include inhibiting transposon
element transcripts by recruiting chromatin modifiers or
recognizing and cutting mRNA by base complementary
pairing in a miRNA-like manner (Figure 1). Recent studies
have uncovered the role of piRNA acting to increase
translation, stabilize mRNA or function independent
of PIWI protein. Thus, piRNAs may regulate cellular
processes in a variety of ways (Figure 1) [14]. In this
briefing, we focus on the diseases related to piRNA
function, review the existing databases and tools for
piRNA study and finally present the computational
models for piRNA function. To our knowledge, this
briefing represents the most comprehensive overview of
piRNA bioinformatics to date. Figure 1 shows a general
scheme of piRNA biogenesis and function in cells and
highlights some of the databases and models we review.

PIWI-interacting RNAs in human diseases
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piRNA-14633 along with others in cervical cancer tissues [61]. Subsequent in vitro studies found that overexpression of a piRNA-14633 mimetic as a transfected
oligonucleotide could promote the viability, proliferation
and migration of two different cervical cancer cell lines
through a m6A RNA methylation pathway. Further in vivo
experiments in a nude mice xenograph model showed
that the transfected piRNA mimetic but not inhibitor
promoted tumor growth. This is consistent with an earlier report where decreased expression of piR-55490 in
lung cancer specimens and cell lines was associated
with decreased survival [62]. Experimental restorative
expression of piR-55490 reduced cell proliferation and
suppressed the growth of a lung carcinoma xenograph in
vivo via a mTOR pathway. Altogether, these two studies
illustrate the role that single piRNAs play in specific disease processes. More detailed reviews on piRNA function
in cancers have been well summarized and can be found
elsewhere [60, 63].

Selected piRNAs associated with various diseases are
listed in Table 1.

piRNA databases
piRNA databases provide researchers with resources
to investigate disease and pathophysiologic processes.
Sources of the annotated piRNAs vary from curation
of data sets, original investigation or computational
prediction. A few databases focus on disease such as
piRDisease [64], ncRPheno [65], ncRNAvar [66], MNDR
[67], IRNdb [68], RNA2Immune [69] and YM500v3 for cancer [70]. To comprehensively identify piRNA databases,
we searched PubMed and Google Scholar with ‘piRNA’
and ‘database’ and then confirmed the filtered entries
by manual curation. We identified 39 piRNA-related
databases of which 14 were solely dedicated to piRNAs
(Table 2). Many piRNA genes were included in general
sequence databases with a variety of ncRNA classes
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Figure 1. A schematic of piRNA biogenesis and function in cells. The biogenesis and function of piRNAs in cells is shown. Selected databases and
computational models are listed near areas where they are related by dotted line. Red symbols indicate tools and blue symbols indicate databases. Tools
directly related to piRNAs associated with mRNA stabilization, deadenylation or translational activation were not found. TE: transposable element.
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Table 1. Selected piRNAs associated with various diseases
Disease or health
condition

Proposed Mechanism or
Function

Experimental design (Sample type)

Experimental
methods

Reference

piR-1207, piR-2107,
piR-5937 and
piR-5939

Asthenozoospermia

42 asthenozoospermia patients with
infertility more than 2 years and 41
normozoospermic male volunteers
who conceived naturally within
1–2 years (Exosomes from seminal
plasma)

Small RNA-Seq and
validated by
quantitative RT-PCR

[182]

hsa-piR-26399

Subfertile

piR-1207, piR-2107, piR-5937
and piR-5939 were
significantly reduced in
exosomes from
asthenozoospermia patients
compared with the
normozoospermic men and
related to downregulation of
sperm MitoPLD expression.
Significant difference between
subfertile and control men

Small RNA-Seq and
validated by qPCR

[183]

DQ601291,
DQ591415,
DQ601609,
DQ589977,
DQ598918
hsa-piR-020009 and
hsa-piR-006426
DQ593039

Infertility

Bisulfite Sequencing
Agilent 2100
Bioanalyzer and
validated by
real-time qPCR
Small RNA-Seq

[184]

Small RNA-Seq

[36]

Small RNA-Seq

[40]

piR-38240,
piR-51810,
piR-40666, piR-34393

Heart failure
Chronic
thromboembolic
pulmonary
hypertension
AD

piR-48442 and
piR-43518

Parkinson’s disease

piR-4987, piR-20365,
piR-20485 and
piR-20582

Breast cancer

piRNA-14633

Cervical cancer

piRNA-54265

Colorectal
adenocarcinoma

piR-55490

Lung carcinoma

FR290353, FR064000, Gastric
FR387750/FR157678 adenocarcinoma

Subfertile men divided to 3 groups:
total testosterone, follicle-stimulating
hormone and luteinizing hormone (4
samples each). 12 samples selected for
small RNA-Seq. qPCR validated in an
independent cohort of subfertile men
(n = 57) and normozoospermic
controls (n = 19) (Serum)
Enhance the methylation
9 conserved spermatogenesis, 32
level of promoters of genes
spermatogenic failure, and 5 Sertoli
like PIWI2, TDRD1, IL16, KLK1, cell only syndrome (Testicular sample)
GPR156, HIST1H2AA, SMPD3,
and DPM1
Significantly differentially
4 heart failure patients versus 4
expressed in exosome
healthy volunteers (Serum exosome)
DQ593039 was significantly
23 patients with chronic
upregulated in the chronic
thromboembolic pulmonary
thromboembolic pulmonary hypertension (CTEPH) and 23 controls
hypertension patients
(Serum)
Target CYCS, LIN7C, KPNA6,
One healthy human brain versus one
and RAB11A
AD patient brain from BioChain (Brain
tissue)
piR-48442 and piR-43518,
were deregulated between PDand control-patients across
all cell types

9 Human dermal fibroblasts
Small RNA-Seq
established from PD patient versus 6
control; 6 Human induced pluripotent
stem cell lines established from PD
patient versus 6 control; 5
differentiated neurons established
from PD patient versus 5 control; 8
cingulate gyrus tissue from tissue
donor PD versus 8 control (Tissue and
cells)
piR-4987, piR-20365,
50 patients with breast cancer versus Small RNA-Seq and
piR-20485 and piR-20582 were matched non-tumor (Tissue)
validated by
confirmed to be up-regulated
Real-time RT-PCR
by real-time RT-PCR in 50
breast cancer tissues
(P < 0.001)
piRNA-14633 is overexpressed 94 cervical carcinoma patients with
Small RNA-Seq and
and binds specifically to
different stage: Primary tumor stage; validated by RT-PCR
METTL14 in cervical
Regional lymph nodes stages; Distant
carcinoma cells
metastasis stage (Tissue)
piRNA-54265 promotes
616 colon and rectal adenocarcinoma Small RNA-Seq
proliferation, metastasis and and 317 serum specimens (Colon
chemoresistance of colorectal tissue and serum)
cancer cells by binding
PIWIL2 protein
piR-55490 inhibits the growth Human lung cancer cell lines, A549,
qPCR
of lung carcinoma by
H460 and H1299 (Cell lines)
suppressing mTOR signaling
Effectively stratified GA
358 non-malignant stomach tissue
Small RNA-Seq
patients into low and high
and gastric adenocarcinoma samples
risk of recurrence groups
(Tissue)

[35]

[185]

[186]

[61]

[187]

[62]

[188]

Downloaded from https://academic.oup.com/bib/article/23/4/bbac217/6603448 by University of Macau user on 29 August 2022

piRNA name in the
literature
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including 3 genome databases, 4 RNA databases and
18 non-coding RNA databases. Below, we describe these
databases.

Comprehensive piRNA databases
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by PIWI protein (MIWI in mice) immunoprecipitation.
Interestingly, shortly after the two PIWI-bound piRNAs
databases were established, piRBase was updated to the
third version, in which the piRNA “Gold Standard” was
introduced. In this standard, piRNA should significantly
bind to PIWI protein or contain the 2 -O-methylation
modification at the 3 end. It applied this standard to
piRNA sets from human, mouse, rat, D. melanogaster, cow
and the crab-eating macaque [82].

piRNA tissue specific databases
piRNAs were originally identified in germline tissues and
a large proportion of the annotated piRNAs come from
these tissues. SpermBase [89] is a database that mainly
collects piRNA expression levels in sperm. SpermBase
provides 2442 piRNA expression patterns in mouse
sperm, 319 from rat, 344 from rabbit and 790 piRNAs from
human. EVAtlas [90] collects ncRNA expression patterns
from human EVs, including piRNA from small EVs
across 23 different tissues and piRNA from large EVs in
seven different tissues. EVAtlas also provides expression
profiles of piRNA from EVs across different sources such
as sperm, plasma and breast milk. The expression of
piRNAs in different tissues is not identical [90]. piRNA
expression profiles in different tissues were also provided
in piRNAQuest [80, 81], piRbase [82], IsopiRBank [84],
NSDNA [91], YM500v3 [70] and DASHRv2.0 [92]. YM500v3
is a database for small RNAs in human cancer research
and collects expression profiles of piRNA across 12
different cancers in 20 tissues. IsopiRBank also provides
the expression levels of piRNAs from different tissues
in four species (H. sapiens, M. musculus, Danio rerio, D.
melanogaster), and some piRNAs in IsopiRBank database
are shown with development stage, genotype and sex.
DASHRv2.0, the latest DASHR version, collects 49 765
piRNA expression profiles in 33 different human tissues
and scores the tissue specificity of each piRNA. These
databases provide more specific information which
might be helpful for those studies restricted to certain
tissues. They provide more convenient resources for us to
compare and investigate the piRNA expression profiles
of different tissues.

piRNA targets and function databases
piRNAs are involved in many biological processes,
including the regulation of transposable elements, as
well as the invasion, differentiation and growth of cancer
cells. Thus, aberrantly expressed piRNAs in various
cancers and diseases can serve as potential diagnostic
biomarkers. Several databases provide the targets and
functions of piRNAs. These include piRNAtarget [93],
GeneCards V5.8 [94], piRBase v3.0 [82], piRTarbase [95],
RNAInter [79] and piRNAdb [83]. GeneCards V5.8 integrates all annotated human genes and collects 111 811
piRNAs with annotations, targets and functions. piRNAdb
stores and makes searchable 262 458 alignments from
18 799 piRNAs. PiRNAtarget is dedicated to collecting
human piRNA targets and their functions. It analyzes
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The European Nucleotide Archive (ENA) [71], ChiloDB
[72], FishDB [73] and WormBase [74] are genome
collection databases in which piRNAs can be found.
These databases integrate genomic and transcriptomic
information and thus the piRNA data are not annotated
to great detail. Only fundamental information such
as genomic coordinates and sequence are provided.
RNACentral [75] is a large comprehensive non-coding
RNA database that integrates all piRNA data from
other databases, such as piRBase, ENA, Genecards and
Wormbase. More details regarding the location and
secondary structure of the piRNA can be found there.
NONCODE [76] and RNAdb 2.0 [77] also collate piRNAs.
piRNABank [78] is a piRNA-specific database and has
collected piRNA clusters from four different species
(human, mouse, rat and Drosophila). piRNA clusters play
an important role, as the sequence they encode determine the targets of the piwi/piRNA system. Databases
with piRNA clusters include Deepbase [79], piRNAQuest
[80, 81], piRBase [82], piRNAdb [83], IsopiRBank [84] and
piRNAclusterDB 2.0 [85], among which piRNAclusterDB
2.0 is the only one dedicated to piRNA cluster collection.
Its newest version collects nearly 15 000 piRNA clusters
from 51 different species. piRNAQuest also recognizes
clusters. It annotated 1080 piRNA clusters from rat,
35 250 from mouse and 221 clusters from human. In
addition, the target binding stability of these clusters
was calculated, and their chromosomal positions were
plotted. Similar to piRNAQuest, piRNAdb also recognizes
clusters automatically and collects 160 clusters from
Homo sapiens, 153 from Mus musculus, 137 from Rattus
norvegicus, 40 from C. elegans, 379 from Cricetulus grisseus
and 56 from D. melanogaster. piRBase manually curates
piRNA cluster data of human, mouse, rat and rhesus
monkeys from the literature. It provides details such as
genome location, number of piRNAs in the cluster region
and genome version. Deepbase is similar to piRBase
as the clusters are also collected from the literature.
IsopiRBank is focused on isoforms of piRNA and also
mapping piRNA isoforms to piRNA clusters. fRNAdb
is a general ncRNA database with structural data and
coverage of four species but has not been updated since
2016 [86].
The criteria used to characterize piRNA are not always
consistent as there are experimentally validated as well
as predicted types. In order to reach a clear standard,
researchers established IPpiRNA-db [87], piRNA-IPdb
[88] and piRBase v3.0 [82] in recent years. IPpiRNA-db
and piRNA-Ipdb are guided by the principle that piRNA
should interact with PIWI protein. These databases
contain piRNA sequences confirmed by PIWI protein
immunoprecipitation from piRBase. Mouse sequences
were chosen as it contains the most piRNA sets identified

|

H, M, Rn

∗∗

ncRNA

MNDR
v3.0

H, M, Rn

∗∗

piRNA

piRDisease
v1.0

Ce
H

∗∗
∗∗

Genome
piRNA

WormBase
iPiDi-PUL

Cs

RNA

ChiloDB

∗∗

ncRNA

RNAdb 2.0

H, M, Dm, Rn,
Cg, Ce
H, M, Rn

piRNA

piRNAdb

∗∗

Genome

FishDB

H, M, Rn, A, Ce,
Cg, Dm + others
Dr

∗∗∗

Genome

ENA

H, M, Rn

ncRNA

NONCODE
v3.0

∗∗∗

ncRNA

fRNAdb

H, M, Ce, Dm,
Dr, Rn, Oc,
A + 11 others
H, M, Rn, Dm

∗∗∗

ncRNA

RNAcentral

∗∗∗

piRNApiRNA
Bank
GeneCaRNA ncRNA

∗∗

∗∗∗

∗∗∗

∗∗∗

H, M, Rn, Dm,
Oa
H

∗∗∗

piRNA

piRNAQuest
v2

H, M, Rn, Dm,
Dr, Oc, Ce, Cb
+36 others
H, M, Rn, Dr,
Dm, A, Ce, Cg,
Oc, Oa +18
others

∗∗∗∗

piRNA

piRBase
v3.0

Organisms

piRNA
Coverage

Object

YM500, NSDNA, ncRPheno,
Literature, MNDR v2.0,
piRDisease v1.0

piRBase, Literature,
NOCODE, piRNABank

Literature Small RNA
sequence experiments
Curated
piRBase v2.0, piRDisease
v1.0

Literature

Literature

piRBase, NONCODE

Curated

NCBI Literature, RNAdb
v2.0

NONCODE, RNAdb v2.0

ENA, piRBase, GeneCards,
WormBase

RNAcentral

Literature

NCBI Small RNA sequence
experiments

Literature, External
database

Source

DA

DA

IRP
DA

IRP

IRP

IRP

IRP

IRP

IRP

IRP

IRP

IRP

IRP

IRP

IRP

Categories

A—piRNA map
D—computationally predicted and
experimentally validated
piRNA-disease associations from 9
diseases
T, D—piRNA in disease prognosis and
diagnosis, map and targets with
mechanism of piRNA expression or
regulation
A, D—piRNA predicted and
experimentally associated with
disease with score of the connections

A -database of fish genomes and
transcriptomes
A, C, T—piRNA map, targets and
associated gene ontology terms
Collection of ncRNAs, one of the first
piRNA containing databases
A—piRNA map from a rice insect pest

A, C, EP, T, D—piRNA expression profile
in different tissues and developmental
stages, piRNA clusters and motifs,
diseases, pseudogene-associated
piRNAs
A, C—piRNA map and biogenesis,
homologue search tool
A, T—piRNA map and functions,
database within GeneCards Suite
A—piRNA map and secondary
structures, comprehensive database
aggregator
A—piRNA map and secondary
structures
A—piRNA data available only in v2.0
and v3.0. Database v6.0 now focused
on lncRNA
A—Vast collection of sequences

A, C, EP, T, D, V—focused and
comprehensive resource

Description

http://www.rna-society.
org/mndr/

http://www.piwirna2
disease.org/index.php

http://research.imb.uq.
edu.au/RNAdb
http://ento.njau.edu.cn/
ChiloDB
https://wormbase.org/
http://bliulab.net/iPiDiPUL

https://www.pirnadb.org/

http://www.ebi.ac.uk/ena/
browser/home
http://fishdb.ihb.ac.cn

http://www.noncode.org

https://www.ncrna.org/

http://pirnabank.ibab.ac.
in/
https://www.genecards.
org/genecarna
http://rnacentral.org

http://dibresources.jcbose.
ac.in/zhumur/pirnaquest2

http://bigdata.ibp.ac.cn/
piRBase/

Link

√

×

√
√

×

×

√

×

√

√

√

√

√

√

√

√

Available
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Database

[82]

[81]

[78]
[94]
[75]

[86]
[76]

[71]
[73]
[83]
[77]
[72]
[74]
[168]

[64]

[107]

2022

2022

2008
2021
2021

2009
2012

2020
2020
2021
2007
2014
2020
2021

2019

2021

(Continued)

Reference

Year
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H, M, Rn, Oc

∗∗

ncRNA

YM500
v3.0

SpermBase RNA

ncRNA

DASHR 2.0

H

ncRNA

EVAtlas

∗∗

ncRNA

deepBase

H

M, Rn

∗

ncRNA

NSDNA

∗∗

H, M

∗

ncRNA

NoncoRNA

H

H

∗

ncRNA

ncRNAVar

∗∗

H

∗

piRNA

n.d.

H, M

∗∗

ncRNA

ncRNAimprint
piRPheno

n.d

M, Rn

∗∗

ncRNA

ncRPheno

Organisms

piRNA
Coverage

Object

Small RNA sequence
experiments

DASHRv1.0

NCBI, piRNABank, DASHR
v1.0, ENCODE, total RNA
sequencing datasets

RNAcentral, Literature

Literature

piRNABank

Literature

Literature

Literature

Literature

NSDNA, RNAcentral,
piRNABank

Source

EXP

EXP

EXP

EXP

EXP

DA

DA

DA

DA

DA

DA

Categories
A, EP, D—piRNA expression profiles in
3210 disease phenotypes across 11
species with 22 cancers with support
from literature
A, D—Imprinted piRNA-related
diseases, regions and ICRs
A, D, V—piRNAs associated with 55
diseases curated manually and from
Experimental Factor Ontology
parent–child relationships
A, D, V—manually curated piRNAs
associated with disease and their map,
dbSNP identifier, clinical significance,
population allele frequency and
functional impacts
T, D—piRNAs associated with drug
responses and cancers
D, EP—piRNAs related the NSD and
their expression pattern in different
tissues and target genes
A—early database to explore ncRNA
structure and function, piRNA map
A, EP, D—piRNA expression profiles
from human EVs of 40 diseases
A, EP—piRNA map, expression profiles
in different tissues, evolutionary
conservation scores and tissue
specificity scores from 185 tissues/cell
types
A, D, EP—Expression profiles of piRNA
from >10 000 data sets across 12
different cancers in 20 tissues with
survival section
A, EP—sperm and sperm head piRNA
expression from 4 species

Description

http://www.spermbase.org

http://ngs.ym.edu.tw/
ym500

http://deepbase.sysu.edu.
cn/
http://bioinfo.life.hust.edu.
cn/EVAtlas
https://lisanwanglab.org/
DASHRv2

http://www.ncdtcdb.
cn:8080/NoncoRNA/
http://www.bio-bigdata.
net/nsdna/

http://www.liwzlab.cn/
ncrnavar/

http://rnaqueen.sysu.edu.
cn/ncRNAimprint
http://www.biomedicalweb.com/pirpheno

http://lilab2.sysu.edu.cn/
ncrpheno/

Link

√

√

√

√

×

×

√

√

√

×

√

Available

[65]

[108]
[105]

[66]

[109]
[91]

[79]
[90]
[92]

[70]

[89]

2020

2010
2020

2021

2020
2017

2012
2022
2019

2017

2016

(Continued)

Reference

Year

|
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ncRNA

∗

∗∗

H, A, Rp

H, M, Rn Dm,
Oc, Dr, Oa +44
others
H, M, D
piRBase, Literature

Literature

NCBI

Literature

NCBI, piRBase, piRNABank,
ArrayExpress database

TCGA database

piRBase

piRBase

piRbase

piRBase, piRNAQuest,
piRNA cluster database

Literature

Literature, piRNABank

Source

OT

OT

OT

OT

OT

OT

OT

OT

TAR

TAR

TAR

EXP

Categories

A—Subcellular locations and
annotation
T, D—piRNAs experimentally
supported regulating the immune
system and target genes

A, C—many organisms and advanced
tools like cluster browser

A, D—effects of genetic variants on
piRNA expression across 33 cancer
types
A, C, EP, T, V—piRNA isoforms with
sources (tissue/cell line, development
stage and sex) and target predictions
mined from 2154 datasets
A—piRNA-associated interactions
with embedded tools for extracting
from literature or predicting RNA:RNA
or RNA:protein

D, EP—piRNAs associated with 4
orthopedic conditions and expression
patterns
T, EP—predicted and experimentally
identified piRNA targets
A, EP, T, V—function focused, piRNA
parental genes, mutation and
methylation profiles
A, T—predicted and experimentally
supported immunologically relevant
piRNAs and their target genes
A—piRNAs from immunoprecipitation
with mouse PIWI proteins
A, T—piRNA from
immunoprecipitation with mouse
PIWI proteins

Description

https://www.
smallrnagroup.uni-mainz.
de/piRNAclusterDB
http://www.rna-society.
org/rnalocate/index.html
http://bio-bigdata.hrbmu.
edu.cn/rna2immune/home.
jsp

http://www.rnainter.org/

http://mcg.ustc.edu.cn/
bsc/isopir/index.html

https://ipdb2.shinyapps.io/
ipdb2/
https://github.com/
edugenetico/
ImmunoprecipitationpiRNA-database
http://njmu-edu.cn:3838/
piRNA-eQTL/

http://irndb.org

http://cosbi6.ee.ncku.edu.
tw/piRTarBase/
http://120.108.102.11/&#
x007E;sophia/piRNAtarget

http://bio-bigdata.hrbmu.
edu.cn/ODNA

Link

√

√

√

√

√

√

√

√

√

×

√

√

Available
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Reference

[111]

[95]
[93]

[68]

[88]
[87]

[110]

[84]

[96]

[85]

[112]
[69]

Year

2019

2019
2016

2016

2021
2018

2021

2018

2020

2022

2021
2021

Notes: n.d.: not determined. Number of piRNAs: ∗<1000; ∗∗<100 000; ∗∗∗<10M; ∗∗∗∗<1000M. Column organisms: A = Aedes albopictus; Cb = Caenorhabditis briggsae; Ce = Caenorhabditis elegans; Cg = Cricetulus griseusa; Cs = Chilo
suppressalis; Dm = Drosophila melanogaster; Dr = Danio rerio; H = Homo sapiens; M = Mus musculus; Oa = Ornithorhynchus anatinus; Oc = Oryctolagus cuniculus; Rn = Rattus norvegicus; Rp = Rhodnius prolixus. Column categories:
IRP = piRNA integrated resource portal, DA = piRNA diseases association, EXP = piRNA Expression, TAR = piRNA Targets, OT = Others. Column description: A = piRNA annotations, C = piRNA clusters, EP = expression patterns,
T = piRNA targets, D = piRNA diseases, V = variants.

RNA2Immune

RNA

piRNA
clusters

piRNAclusterDB
2.0
RNAlocate

H, Ce

∗∗∗
(piRNARNA
interactions)
∗∗

RNA

RNAInter

H, M, Dr, Dm

∗∗∗

piRNA

IsopiRBank

H

∗∗∗

piRNA

M

∗∗∗∗

piRNA

piRNAeQTL

M

∗∗∗∗

piRNA

piRNAIPdb
IPpiRNAdb

H, M

∗

ncRNA

H

∗∗

piRNA

IRNdb

Ce, Cb

∗∗∗

piRNA

piRTarBase
piRNAtarget

H, Rn

∗

ncRNA

ODNA

Organisms

piRNA
Coverage

Object

Database

|
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targets in studied species (mouse, Drosophila, C. elegans,
C. briggsae and silkworm) are also unclear. Therefore,
more well-designed studies based on various species and
various tissues (especially somatic tissues) will go far
in establishing more comprehensive and better verified
piRNA targets and functions database(s). We collected
the number of targets from different databases and
generated a Supplementary Table 1 available online at
http://bib.oxfordjournals.org/.

piRNA disease databases
piRNAs play an important role in disease diagnosis,
prognosis and assessment of treatment. Some databases
provide specific information to help understand this role.
piRBase v3.0 [82] provides a disease and linked piRNA.
Diseases can be selected and associated with piRNAs
along with their fundamental attributes, function
and expression status in disease. PiRPheno [105] and
piRDisease [106] are both manually curated diseaseassociated databases of piRNAs. They integrate piRNAdisease association data and provide users detailed
information of the piRNA in the respective disease.
piRDisease collects 7939 experimentally supported
associations of 4796 piRNAs involved in 28 diseases.
It provides users a convenient data source to obtain
detailed information of disease-associated piRNA, such
as its sequence and location information, target genes,
detailed mechanism of piRNA expression or regulation of
target genes, its role in disease diagnosis, prognosis and
assessment of treatment response. piRPheno provides
9057 human piRNA-disease associations between 474
piRNAs and 204 diseases, 26 targets, 16 pathways and
2 treatments. Annotations of piRNAs in a respective
disease, a confidence score and clinical correlations
are available to prioritize the association. ncRheno
[65] is a database to catalog ncRNAs associated with
diseases. It shows the relationship between ncRNA
and disease phenotypes in 11 species and 107 piRNAs
associated with cancer are included. This database
also implements a network visualization application,
which allows users to view the association between
different diseases and piRNAs. There is also a score
model to analyze the association. MNDR v3.0 [107] is
a mammalian ncRNA–disease repository. It integrates
predicted and experimentally supported ncRNA-disease
associations in mammals. Information on the ncRNA–
disease-related drug actions and details such as ncRNA
subcellular localizations and interactions can be found in
the database. ncRNAVar [66] and ncRNAimprint [108] are
also ncRNAs databases associated with disease. However,
ncRNAVar focuses on the relationship between ncRNA
variants and human disease. It provides annotation
on ncRNAs, variants and disease, and also scores
the relationship. ncRNAimprint only provides data on
imprinted non-coding RNA. It contains information on
imprinted piRNA-related diseases, imprinted regions and
imprinting control regions (ICRs).

Downloaded from https://academic.oup.com/bib/article/23/4/bbac217/6603448 by University of Macau user on 29 August 2022

32 826 unique piRNA sequences, maps 6577 piRNAs
to 2261 parental genes, with a total of 2904 unique
piRNAs that regulate 4043 target genes. The piRNA
target gene, mRNA and the piRNA general functional
mechanism of mouse, silkworm, C. elegans and D.
melanogaster are provided in the latest version (v3.0) of
piRBase. Importantly, piRBase v3.0 also collects predicted
lncRNA targets in mouse testis. RNAInter [96] is unique
because it defines as targets other RNAs as well as
DNA, proteins, histone modifications and chemicals.
piRTarbase [95] also provides predicted piRNA targets in
C. elegans and Caenorhabditis briggsae nematode species.
Notably, it allows the user to choose stringent or relaxed
targeting rules based upon number of mismatches
allowed in seed and non-seed regions. It also allows
for searches based upon gene or piRNA. However, the
studies comprehensively investigating piRNA targets
are limited to only a few species. Furthermore, these
databases identify and collect piRNA targets in different
ways. Several experimental methods identify piRNA
targets, but all have some limitations. The reporterbased assay of piRNAs and mRNA interaction [97] and
the investigation of follow-up results after injecting
2 O-methyl anti-piRNA [98] are useful but limited.
These experiments are best suited for verifying existing
predictions. Meanwhile, some sequencing methods
provide high-throughput approaches for identifying
potential piRNA targeting sites; 5 -RACE sequencing
predicts potential piRNA-related cleavage (targeting)
sites based on the mechanism that piRNA in the
piRNA-PIWI complex complementary match and cleave
corresponding targets at around 10 nt away from
the 5 end of piRNA [99, 100]. However, this method
lacks supporting evidence of piRNA-PIWI, mRNA-PIWI
and PIWI-piRNA-mRNA interactions. In contrast, CLIPsequencing provides the basis of piRNA-PIWI and
mRNA-PIWI interactions but not PIWI-piRNA-mRNA
interactions [100, 101]. CLASH-sequencing appears to be
the most standard approach to detect all interactions
including piRNA-PIWI, mRNA-PIWI and PIWI-piRNAmRNA [102, 103]. However, this sequencing method
may identify piRNAs interacting with mRNA targets
but do not actually have any functional effect. Another
simple method is to use piRNA targeting prediction rules
and verified piRNAs’ regulation on predicted targeting
mRNA based on negatively correlated expression level
(NGS/qRT-PCR). This method relies on piRNA targeting
rules and the validation process potentially proved the
functional effect of piRNAs but lacks solid interaction
evidence [40, 62, 81, 104]. Original databases, rather
than collections from other databases, are usually
organized from literature based on the above-mentioned
experiments (piRBase, NoncoRNA), proposed piRNA
targeting rules (piRNAdb, IsopiRBank, piRNATarget) or
interaction/union of proposed piRNA targeting rules
and experimental data (piRTarbase, piRNAQuest v2).
The piRNA targeting profile of the vast majority of
species has not been studied, and most of the piRNAs’
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naming conventions. The databases established through
rigorous experimental data collection are highly recommended. Currently, these data are usually limited to a
few species. In the future, it is hoped that more data of
a wider range of species will be collected and that the
piRNA naming and nomenclature rules will be uniform
across the databases.

piRNA computational models
The complex nature of piRNAs makes it extremely
difficult to determine and account for the existence of
every piRNA. Moreover, the different attributes of piRNAs
such as expression levels in different cells and tissues,
ambiguity of targets and relationship with physiological
states contribute to an incredibly complex picture. It
has therefore been imperative to build different computational models to help predict structure, sequence
and disease relevance of piRNAs. Such an approach
follows a well-worn path traveled by miRNAs [113,
114], circRNAs [115] and lncRNAs [116–120]. Previous
reviews of piRNA methods and databases have also been
extremely helpful [121, 122]; however, the incredible
speed at which the field is developing, in part due to
increasing data volumes, makes an update and extension
of previous reviews as well as a comprehensive overview
timely. To uncover piRNA related computational models,
we searched PubMed and Google Scholar with ‘(((piRNA)
OR Piwi-Interacting RNA) OR Piwi Interacting RNA)
AND ((((Algorithms) OR Mathematical Concepts) OR
Computing Methodologies) OR computational model)’
and then manually filtered-related methods and computational models (Table 3). Below, we divide piRNA
computational models to several categories and provide
details to describe their underlying principles and
assumptions.

piRNA prediction
Several experimental technologies are used to predict
piRNAs. As piRNAs interact with PIWI protein [7, 8],
RNA immunoprecipitation sequencing (RIP-Seq) and
crosslinking immunoprecipitation sequencing (CLIPSeq) are used to capture and sequence piRNA reads.
Although recent research found that some piRNAs
lack 2 -O-methylation [123, 124], piRNAs with 2 -Omethylation at the 3 end are still considered the
canonical subset [125, 126]. Oxidation treatment followed
by small RNA sequencing is a common method for
detecting these piRNAs with 2 -O-methylation at 3
termini. Many piRNA-related databases curate piRNA
information based on these experimental results [82,
87, 88]. However, these methods are resource consuming and might omit low expressed or tissuespecific piRNAs restricted by experimental design.
Therefore, the design of computational models has been
proposed as an economical and efficient alternative
approach.
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Some databases are more specific and provide associations with specific types of diseases. YM500v3 [70],
NoncoRNA [109] and piRNA-eQTL [110] are associated
with cancer. YM500v3 is a database for small RNAs
in cancer with a focus on miRNAs, but expression
profiles of several piRNAs across 12 different cancers
in 20 tissues can also be found. NoncoRNA shows the
relationship between ncRNA and drug targets in cancer.
It shows not only the basic sequence information but
also the expression patterns and drug responses with
four piRNAs included. piRNA-eQTL is piRNA-specific. It
systematically evaluates the effects of genetic variants
on piRNA expression across 33 cancer types. Databases
for other types of disease are also published. In ODNA
[111], the roles of 70 piRNAs in orthopedic disorders and
their detailed associations are provided. For example,
fundamental information such as sequence and location,
its relationship with orthopedic disease, its expression
pattern, targets, mechanism and corresponding experimental methods are provided. There are also databases
specific to immunologically relevant non-coding RNAs.
RNA2Immune [69] presents the association between
non-coding RNAs and the immune system, where five
piRNAs are shown to be involved in immune diseases,
vaccine regulation and development and function of the
immune system. IRNdb [68] is also an ncRNA database
associated with the immune system but only for mouse.
In IRNdb, 377 piRNAs are included. piRNAQuest lists
disease-specific piRNAs including for infertility, asthma
and rheumatoid arthritis [81]. NSDNA provides comprehensive experimentally supported associations between
ncRNA and nervous system disease (NSD). It provides
107 entries of NSD-piRNA in the database. Expression
patterns in different tissue and the target analysis are
available in NSDNA. An interesting database is RNAlocate [112] which may help in disease association studies
by linking the RNA with subcellular location. These
databases can provide comprehensive information for
users and help facilitate their understanding of piRNAs’
roles in disease. We prepared Supplementary Figure 1,
available online at http://bib.oxfordjournals.org/, to
display the human disease distribution in different
resources. The disease names in the figure were unified and the original disease name in the database
was obtained from the list in Supplementary Table 2
available online at http://bib.oxfordjournals.org/. piRNAs
associated diseases collected from different resources
are listed in Supplementary Table 3 available online at
http://bib.oxfordjournals.org/.
To conclude this section on databases, the research on
piRNAs may still be considered in its infancy as more
and more properties and functions of piRNAs are being
discovered. Due to the complexity of piRNA itself, the
sequence is not conserved and the number of individual sequences is large; larger sample sizes and replicated experiments will better ensure the identification
of authentic piRNAs. However, existing databases differ
in the collection of piRNAs, as well as their functions and

CFS-seleted features (from K-mer, first position base, AU score)

258 frequently occurring motifs

32 k-mer motifs, first position base, distance to telomere/centromere,
piRNAs cluster features
k-mer

McRUM

Pibomd

PiRPred

Ensemble learning
(random forest-based)

Multi-kernels fusion
SVM
Fisher discriminant
algorithm

Ensemble probabilistic
kernel-based learning
algorithm (McRUM)
SVM

SVM
Neural network (trained
by V-ELM)
SVM

Multi-kernels fusion
SVM

CNN

SVM

Frequent pattern
mining

Classifier (Detailed)

NONCODE

NONCODE

NONCODE and
NCBI
piRNABank

NONCODE

piRNABank

piRBase
NONCODE

piRNAbank,
piRBase

piRBase and
NONCODE
piRBase and
piRNAbank

piRBase

Positive
training data
source

code
code

web and
code

code
web
NA

NA

web and
code
web and
code
web and
code

code

2019
2018

2017

2017
2017
2016

2015

2014
2014

2016

Rfam database
NONCODE
Zhang et al. [132] and
generated by random
processes according to real
data
Small RNA dataset from Dicer
knockout mouse
NONCODE
GtRNAdb, miRBase, randomly
generated from exon
NONCODE (each of sequences
were shuff led to destroy any
potential functional
structures and randomly
selected subsequence base on
the length distribution of real
dataset)

NONCODE

Simulated piRNA sequences,
miRBase, Genomic tRNA
database
GtRNAdb, miRBase, Ensembl
(exonic region sequences)

NONCODE

2011

code

2020

piRbase (non-piRNA
sequences)

Type

Year

Negative training data source

(Continued)

[138]

[132]

[131]

[147]

[130]

[136]

[148]
[133]

[137]

[135]

[134]

[149]

Reference

|
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Transposon-related piRNA prediction
GA-WE
k-mer-derived features (k-mer, mismatch profile, subsequence profile,
reverse compliment k-mer); Physicochemical properties (PCPseDNC,
PCPseTNC, SCPseDNC, SCPseTNC); Sparse profile; PSSM; LSSTE

Zhang et al

top 200 features selected by mRMR (from weighted k-mer, weighted
k-mer with wildcards, position-specific base and length)

Liu et al

piRNAdetect
V-ELMpiRNAPred

IpiRId

piRNN

Specific motifs inside selected k-mer motifs (modified particle swarm
optimization feature selection), k-mer frequencies, k-mer positions,
piRNA cluster features, mismatch profile, Specific positions on genome,
motif around (Promoters upstream, Transposons, Inverted repeats,
G-quadruplex, CpG islands)
N-gram model-based features
k-mer, short sequence motif (discontinuous sites information)

Frequent sub-sequence tuples (calculated from frequent subsequences,
combination of single frequent sequences, mutation profile of each
frequent sub-sequence)
k-MNC, SSTE, thermodynamic and physicochemical properties, 1 U and
10A Bias
k-mers, k-mers around the first T/U and/or 10th A (if exist)

CFSP

piRNApred

Features

Algorithm name

piRNA prediction
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k-mer-derived features (spectrum profile, mismatch profile,
subsequence profile), Physicochemical Properties (PseDNC), PSSM,LSSTE
SSTE

k-mer-derived features (k-mer, mismatch profile, subsequence profile)

Luo et al

piRNet

web

code

web and
code
code
NA
web and
code
web

Type
code
web
code

Type
code
code

Type

web
code

code

2014

2022

2020

2018
2017

Year
2018
2014
2012

Year
2019
2014

Year

2018
2021

2016

–

Negative training data source

–
–
–

–

–
–
–
–

–
–

piRNA cluster prediction
Algorithm name
Description

PILFER
piClust

Identify piRNA clusters by peak detection and sliding window method
Identify piRNA clusters by DBSCAN density-based algorithm and scored
by piRNA cluster characteristic (density, strand bias first position base)
proTRAC
Identify piRNA clusters by quantifying deviations from a hypothetical
uniform distribution considering piRNA cluster characteristics (density,
strand bias first position base)
piRNA signature detection
Algorithm name
Description

pingpongpro

pirnaPre

piRScan
Yang et al

CLIP-Seq-derived features (the enrichment of 5 ends of distinct piRNAs;
the enrichment of target fragments), position-derived features (genomic
context of the candidate target)

Rule based search between input sequences and piRNA sequences
one-hot encoding of raw sequence

piRNA target prediction
Algorithm name
Features

–
devised deep
multi-head attention
network (3-layers)
SVM

Classifier (Detailed)

–

piRBase

Two-layer CNN

Positive
training data
source
–
CLASH
experimental
data
Targets site
identified in
Zhang et al.
[100]

–

–

Randomly selected from
genes not affected by piRNAs
in experiments

–
CLASH experimental data

–

–

–

–
–

–

NONCODE

NONCODE
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signature.py

piRBase

Two-layer SVM

piRNA signature detection based on the tendency of sense and
anti-sense piRNA overlap, and first position base)
piRNA signature detection based on the tendency of sense and
anti-sense piRNA overlap

piRBase

Two-layer SVM

–

NONCODE

piRBase
NONCODE

NONCODE

piRBase

NONCODE

NONCODE

2015

2020

code

2016

NONCODE

Type

Year

Negative training data source

Two-layer (SRC and
SVMMDRBF)
Two-layer DNN

NCBI GenBank,
NONCODE, GEO
(GSE9138)
NONCODE

NONCODE

Positive
training data
source

mRNA-related piRNAs prediction
2lpiRNApred
LFE-GM selected features (from k-mer, Physicochemical Properties
derived features (PC, SC, NMBAC and GAC))
2 L-piRNADNN
Incorporating the physicochemical properties of nucleotides into the
DAC
2 L-piRNAPred
F-score selected features (from pseudo nucleotide composition (SNC,
DNC, TNC), Split-Position-Specific Matrix, Physicochemical Properties)
2 L-piRNA
Incorporating the physicochemical properties of nucleotides into the
PseKNC,
2S-piRCNN
One-hot encoding of raw sequence

DNN

Ensemble learning
(random forest-based)
SVM

Classifier (Detailed)

(Continued)

[166]

[164]
[167]

Reference

[155]

[156]

Reference

[151]

[150]
[152]

Reference

[129]

[142]

[143]

[144]

[140]

[141]

[145]

[139]

Reference

|
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Features

Algorithm name
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Similarity between piRNAs, disease semantic similarity, Gaussian
Interaction Profile kernel similarity

CNN extracted features (from similarity between piRNAs, disease
semantic similarity,Gaussian Interaction Profile kernel similarity)

one-hot encoding of raw piRNA sequences and disease categories

Stacked auto-encoder extracted features (from Similarity between
piRNAs) and disease semantic similarity

Convolutional Denoising Auto-Encoder extracted features (from
Similarity between piRNAs and disease semantic similarity)

iPiDi-PUL

iPiDA-sHN

piRDA

iPiDA-GBNN

DFL-PiDA

ELM

Gradient Boosting
Neural Networks

Two-step positive
unlabeled learning

Two-step
positive-unlabeled
learning

Positive unlabeled
learning

Classifier (Detailed)

piRDisease,
ncRPheno,
MNDR v2.0
(5184 piRNAs
and 33
diseases)
piRDisease
(4796 piRNAs
and 28
diseases)

piRDisease
(4350 piRNAs
and 21
diseases)

piRDisease
(4350 piRNAs
and 21
diseases)

piRDisease
(4350 piRNAs
and 21
diseases)

Positive
training data
source
Randomly selected from the
combinations between 4350
piRNAs and 21 diseases
except the positive
associations in positive
dataset
Containing all the
combinations between 4350
piRNAs and 21 diseases
except the positive
associations in positive
dataset
Containing all the
combinations between 4350
piRNAs and 21 diseases
except the positive
associations in positive
dataset
Randomly selected from the
combinations between 5184
piRNAs and 33 diseases
except the positive
associations in positive
dataset
Randomly selected from the
combinations between 4796
piRNAs and 28 diseases
except the positive
associations in positive
dataset

Negative training data source

Type

web

web

web

code

NA

Year

2021

2020

2022

2021

2021

[171]

[170]

[63]

[169]

[168]

Reference

|
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Notes: Classifiers: McRUM: Multiclass relevance units machine. A novel ensemble probabilistic kernel-based learning algorithm proposed by [189]. This method provides probabilistic outputs, high accuracy through
its empirical Bayes foundations that mitigate overfitting [189]. SVM: Support-vector machine. A supervised learning model that constructs a hyperplane in high-dimensional space for classification. The theory is
intuitive and can produce a unique solution, when the optimality is rounded. The default kernel adopted by popular SVM packages (e.g. LIBSVM [190], SVMlight [190]) is radial basis function. However, different Kernel
functions can be specified for the decision function, which needs to be chosen carefully [191]. SVMMDRBF: SVM with Mahalanobis distance-based radial basis function kernel. Mahalanobis distance can reduce the
influence of irrelevant features during the training process [192, 193]. DNN: Deep neural network. A popular neural network with multiple layers between input and output layers. It can easily model complex non-linear
relationships with large training sample size. Overfitting and exploding gradient problem should be carefully considered [194]. CNN: Convolutional neural network. A popular network utilizing integrated convolution
kernels. This model can extract higher-level features autonomically from raw data or high-dimensional features. Overfitting and exploding gradient problem should be carefully considered [195]. V-ELM: voting-based
extreme learning machine. A training method for single layer neural network. The major advantage of ELM is that the hidden layer parameters do not need to be tuned, so that the learning speed is increased [196]. SRC:
Sparse Representations Classifier. This method determines two similar samples from the sample class by representing test samples as a sparse linear combination of the training sample and assigning test samples
to the class producing the smallest residual [197]. Fisher discriminant algorithm: Performs classification by projecting high-dimensional data onto a line, which maximizes the distance between the classes while
minimizes the variance within classes [198]. Frequent pattern mining: Screens the most frequent or characterized patterns in the training dataset [199]. Ensemble learning: integrates multiple learning algorithms to
achieve better predictive performance than a single one [200]. Random forest: ensemble learning methods of a decision tree. It is good at dealing with missing data and evaluating the importance of features [201].
Positive unlabeled learning: a semi-supervised learning method, alleviating false negative problems when there is not enough evidence for the authenticity of negative datasets [202]. Gradient Boosting Neural Networks:
a novel approach to use shallow neural networks as ‘weak learners’ in a gradient boosting framework, which gives a prediction from an ensemble of weak prediction [203, 204]. Features: CFS-selected: correlation-based
feature selection. DAC: di-nucleotide auto-covariance. DNC: di-nucleotides composition. GAC: Geary autocorrelation. k-MNC: k-mer nucleotide composition. LSSTE: piRNA-transposon interaction information. mRMR:
minimum Redundancy Maximum Relevance Feature Selection. NMBAC: Normalized Moreau-Broto autocorrelation. PC: General parallel correlation pseudo-dinucleotide composition. PCPseDNC: Parallel correlation
pseudo dinucleotide composition. PCPseTNC: Parallel correlation pseudo tri-nucleotide composition. PseDNC: pseudo di-nucleotides composition. PseKNC: pseudo K-tuple nucleotide composition. PSSM: positionspecific scoring matrix. SC: General series correlation pseudo-dinucleotide composition. SCPseDNC: Series correlation pseudo di-nucleotide composition. SCPseTNC: Series correlation pseudo tri-nucleotide composition.
SNC: single nucleotide composition. SSTE: Sequence-Structure Triplet Elements. TNC: tri-nucleotides composition. NA: Web server or code is Not Available.
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The third step is to implement a classifier. After reasonable feature extraction and selection, piRNA prediction has become a binary-classification problem. Support vector machine (SVM; radial basis function kernel),
a supervised learning model that constructs a hyperplane in high-dimensional space for classification, is
the most popular classifier in existing piRNA prediction algorithms [131, 134, 136, 137, 142, 143, 145, 147,
148]. To coordinate heterogeneous features and combine
them for better performance, multi-kernels fusion SVM
was adopted by two algorithms [131, 137]. Except for
SVM, several other general machine learning methods
were used, including kernel method [130], neural network (including convolutional neural network, deep neural network) [129, 133, 135, 141, 144], ensemble learning
[138, 139], Fisher’s linear discriminant [132] and frequent
pattern mining [149]. For mRNA-related piRNA prediction
models, two-layer models were designed [129, 140, 142–
144]. Specifically, the first layer identifies piRNAs, while
the second predicts whether these piRNAs target mRNA
or not.
As our understanding of piRNA is gradually improving,
we can adopt different algorithms in different research
contents and stages. For example, as a significant feature
of germline piRNA, the ‘ping-pong cycle’ is not significant
in somatic tissues, so in predicting such cases, the
algorithms trained based on ‘ping-pong’ cycle features
(AU bias/AU score) might have a lower priority. Similarly,
some piRNAs were found to be generated not from
piRNA clusters, such as pre-pachytene piRNAs; therefore,
cluster features related models should be avoided if we
are concerned with these piRNAs. Furthermore, results
combining two or more analytical methods may be
more accurate than those obtained by a single method,
even though these algorithms provide a reasonable
piRNA prediction based on piRNA characteristics. We
suggest to annotate the sequence according to piRNA
databases based on experimental data first. The piRNA
family is diverse and lacks conservation (especially
compared with miRNA), which makes it difficult to
accurately predict piRNAs based only on sequencing
information. Further trends of piRNA prediction tools can
strengthen the following aspects: first, a gold-standard
piRNAs positive training dataset and a balanced negative
training dataset that realistically reflects RNA degraded
fragments and other snRNAs tend to be used to train
algorithms. Second, new algorithms should consider
more recently discovered piRNA properties. Meanwhile,
considering the complexity of piRNA types, it is also
possible to separate different kinds of piRNAs (e.g.
somatic piRNAs, pre-pachytene piRNAs, piRNAs from the
‘ping-pong’ cycle) for training specific algorithms. Third,
future studies should involve more species, especially
non-model organisms.

piRNA cluster identification
piRNAs sequences generated by long single-stranded
transcripts are arranged in clusters [8] in the genome.
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Chou’s five step-rules [127] propose the following in
developing a new sequence-analyzing method or statistical predictor: (i) construct or select a valid benchmark
dataset to train and test the predictor; (ii) formulate the
biological sequence samples with an effective mathematical expression that can truly ref lect their intrinsic
correlation with the target to be predicted; (iii) introduce
or develop a powerful algorithm (or engine) to operate the
prediction; (iv) properly perform cross-validation tests
to objectively evaluate the anticipated accuracy of the
predictor and (v) establish a user-friendly webserver for
the predictor that is accessible to the public.
As all models listed in Table 3 possess reasonable
cross-validation in the training and evaluation step, and
many provided user-friendly web servers or source code
(running as code-based stand-alone software) to the
public, we mainly focus on introducing first three core
steps in different computational models.
The first step is to benchmark the dataset. To
construct a piRNA prediction model using a supervised
learning approach, usually both positive (piRNA data)
and negative (non-piRNA data) data should be included
for training the algorithm model and evaluation. For an
unsupervised learning approach, only the positive data
are needed. Existing prediction methods collected piRNA
sequences from piRNA databases, including NONCODE
[76], piRNABank [78], piRBase [82] and NCBI Gene
Expression Omnibus (GEO) [128], as positive datasets. For
negative datasets, most studies selected other small noncoding RNAs with similar lengths to piRNAs, while some
combined both non-piRNA sequences and simulated
data. For transposon-related piRNA prediction, piRNAtransposon alignment results were considered as a
premise of including piRNAs in the positive dataset.
For mRNA-related piRNA prediction algorithms, the
annotation of whether a piRNA targets mRNA is provided
by piRBase and NONCODE.
The second step is feature engineering. Among all the
models listed in Table 3, except 2S-piRCNN [129], other
methods have carried out various feature extraction
approaches to explore informative features that characterize piRNAs. As a classic feature in computational
genomics and sequence analysis, k-mer-derived features
were extensively applied [130–141]. A previous study
showed different k-mer usage of piRNA and non-piRNA
[132], which provides the theoretical basis for characterizing piRNAs based on k-mer and k-mer-derived features.
However, this potentially ignores insight and significance
at biological levels. Therefore, other algorithms proposed
physico-chemical and thermodynamic properties [134,
138–140, 142–144], specific positions on genome [131,
137], piRNA-target interaction information [134, 137–
139, 145], piRNA cluster feature [131, 137] and positionspecific properties [130, 131, 134–136, 138, 139, 143].
Finally, to avoid ‘the curse of dimensionality’ [146], some
studies applied various feature selection algorithms to
identify more related features for further classification
procedures.

PIWI-interacting RNAs in human diseases

piRNA signature detection
The unique biogenesis pathway of piRNAs, the ‘pingpong’ cycle characterized by 5 bias of primary piRNAs
and the first 10 nt complementarity between primary
and corresponding secondary piRNAs provides a simplified framework for building an algorithm. This elegant
and simple rule can be easily implemented to detect
‘ping-pong’ generated secondary piRNAs by a bioinformatic approach based on small RNA-Seq data [155, 156].
The latest version of piRNAQuest have some new features which support the visualization of the ping pong
signature pattern for all ping-pong piRNA partners in
different species providing an overlap prediction tool [81].

piRNA target prediction
piRNAs function beyond transposon silencing and the
piRNA-PIWI complex targets and cleaves mRNA via a
miRNA-like action [31, 32, 100, 157, 158]. However, unlike
miRNA, which has relatively conserved targeting rules
and many experimentally verified databases, the piRNA
target prediction research is still in the early stages
of development. Many piRNA-related studies [159–162]
applied miRanda, a target prediction algorithm that
was originally designed for miRNA target prediction, to
predict potential piRNA targets. This algorithm predicts
miRNA targets based on sequence complementarity,
free energies of RNA–RNA duplexes and conservation
of target sites in related genomes [163]. Recently,
more piRNA-specific targeting rules or algorithms were
established. MIWI and piRNA-mediated cleavage of
mRNA in mouse testes suggests a targeting rule requiring
a relatively strict base pairing at the 5 end of piRNA

15

with mismatches of <3 in the following 20-nt sequence
[100]. In C. elegans, one study proposed that piRNAs
target mRNA by a complementary manner, which allows
zero non-GU mismatches in the seed region (2–7 nt),
no more than two GU pairs in seed, no more than two
non-GU mismatches in non-seed region (8–21 nt), no
more than three GU pairs in non-seed and no more
than six mismatches and GU pairs in seed and non-seed
regions combined [158]. This rule was applied in piRScan
[164]. However, piRNA targeting rules among species
appear to differ. For example, piRNA targeting rules in
D. melanogaster and C. elegans differ with the latter having
more broad targeting sites [165]. Computation models
can also help to generate transcriptome-wide screens to
identify potential piRNA binding sites and might further
help to uncover putative hidden binding mechanisms.
PirnaPre is a computation model that predicts potential
targets of mouse piRNAs based on CLIP-Seq. It built
an SVM classifier whose features were CLIP-Seq and
position-derived. Finally, 2857 protein-coding genes were
predicted as piRNA potential targets [166]. However,
this method largely relied on pre-determined relaxed
piRNA-binding rules, and the negative dataset was not
confidently verified. In C. elegans, a more dedicated
deep multi-head attention network, including three
layers, motif feature extraction sub-network, multihead attentive binding recognition sub-network and
classification sub-network, was built then trained
by CLASH experimentally verified data. In addition,
potential piRNA binding rules can be visualized by multihead attentive binding recognition sub-network. This
model can be applied to other species with training
provided by species-specific CLASH data, which has the
potential to predict piRNA binding rules in other species
[167].

Disease-related piRNA prediction
Many studies investigated the relationship between
piRNA and disease. Four models hypothesized that
functionally similar piRNAs tend to associate with
similar diseases. Therefore, these four similar algorithms
use piRNA-similarity and disease-similarity as features
to predict piRNA-disease interaction [168–171]. Due to
the lack of extensively verified experimental evidence,
the negative piRNA-disease relationship might not be
authentic. Therefore, iPiDA-sHN used two-step positive
unlabeled learning, a semi-supervised learning method
estimating the classification problem based on a positive
dataset and unlabeled data, was applied to alleviate the
false negative problem. piRDA proposed that the similarity matrices lose contextual information among the
sequences of piRNA and disease pair. Therefore, piRDA
bypassed feature engineering and adopted two-step
positive unlabeled learning as iPiDA-sHN [172]. However,
the accuracy of these algorithms needs improvement
due to the lack of training samples. We recommend
combing the results from different methods for a more
confidential prediction. More studies related to the

Downloaded from https://academic.oup.com/bib/article/23/4/bbac217/6603448 by University of Macau user on 29 August 2022

We found three piRNA cluster identification algorithms.
Basically, they are all based on piRNA-alignment density
detection. PILFER proposes a normal distribution for
read counts and identified piRNA peaks with high
expression levels (>3 SD from the mean). After a read
passes the peak selection criterion, the adjacent reads
within a 100 kb window are selected to maximize the
read count within that cluster [150]. proTRAC assumes
a uniform density distribution of non-piRNAs and
quantifies piRNA clusters based on their deviations
of piRNA cluster characteristics (density, strand bias
first position base) from this hypothetical uniform
distribution [151]. However, another study insists that
uniform or any statistical distribution for non-piRNAs
may not be assumed [152]. piClust was motivated by
a density-based clustering method DBSCAN to detect
putative piRNA clusters, which were further predicted
by piRNA cluster characteristics score (score of density,
strand bias and the first/tenth position base of the 5 UTR
termini) [152]. Although many piRNAs proved not to be
derived from clusters, the piRNA cluster is still one of
the ultimate piRNA characteristics. In addition, because
some piRNA clusters might be more conserved among
species than specific piRNAs, they are also very useful in
studying piRNA evolution [153, 154].
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influence of piRNAs on diseases are needed to address
this issue. In addition, many models were established
predicting the miRNA-disease relationship. As piRNA
and miRNA have certain similarities in structure and
function, both can be quantified through small RNA-Seq
and similar data mining analyses. It is worth exploring
whether these algorithms can be used in piRNA-disease
relationship prediction [113, 173–175].

In various applications, resources can aid in the understanding and account for the presence, function and
mechanism of piRNAs. Researchers can annotate piRNA
reads based on the sequences or annotation information
from piRNA databases. piRNA prediction algorithms can
identify novel piRNAs from those reads not existing
in piRNA databases; especially reads that cannot be
annotated by any known small non-coding RNA (e.g.
miRNAs, snoRNAs, snRNAs). In these processes, the
selection of databases and algorithms should be flexible
according to the purpose of the experiment. For most
investigations, it is recommended to have a conservative
approach aiming for authentic piRNAs. To accomplish
this, piRNA databases that contain entries confirmed
by PIWI protein immunoprecipitation (gold standard
piRNAs in piRBase, IPpiRNA-db and piRNA-Ipdb) should
be used. Otherwise, piRNA annoatation/prediction
results intersecting from different piRNA databases/prediction algorithms could be used. piRNAs located in
piRNA clusters also have higher confidence. Similarly,
tissue-specific, transposon-specific and mRNA-specific
databases/algorithms may be more suitable for specific experiments. After obtaining piRNA reads, the
targets and functions can be searched from databases
and predicted from algorithms. Likewise, data from
experiments are more reliable (piRBase, NoncoRNA,
piRTarbase, piRNAQuest v2), followed by predictions
based on experimentally established piRNA targeting
rules (piRScan), followed by other prediction databases
and algorithms. The piRNA disease databases record
and collate piRNAs related to various diseases, and the
algorithms trained according to these databases can
increase our understanding of piRNAs in various diseases
and provide a good indication for the relevant research
direction. Finally, some piRNA databases and algorithms
provide more specific aspects for specific-designed
studies. For example, piRNAs isoforms (IsopiRBank)
and genotype variation (RNAlocate) might be of high
interest for studies in cancers and other diseases.
piRNA signature (‘ping-pong’ cycle) detection might
be fundamental for piRNAs identified in the germline,
whereas the absence of this may lead to infertility. Since
the ‘ping-pong’ cycle outside of germline cells has not
been firmly established, these piRNA signature detection
algorithms will be essential in studying somatic cells and
a broad spectrum of species in the future.

A major challenge with piRNA research concerns the lack
of a consistent nomenclature between databases. piRBase and piRNAdb have similar nomenclature where the
ID contains ‘piR’ (representing piRNA), three characters
(representing a species) and a sequential number string
with the only difference in the order. piRNAdb gives the
piRNA cluster an ID with the prefix ‘clu’. If we take the
piRNA sequence (AAACAAACCTGACTTTGTGGGGGCGC)
as example, the ID in the main piRNA integrated
resource portal was different (DQ569913 in GenBank
or ENA, hsa_piRNA_32046 in piRNAQuest, piR-30025
in GeneCaRNA or GeneCards, URS000023FF6A in RNAcentral, piR-hsa-237 in piRBase, hsa_piR_000001 in
piRNABank and hsa-piR-1 in piRNAdb). This will increase
the burden of analysis for ID unification in future studies.
For an integrated resource portal, they are the source
for the downstream databases, tools and analysis. This
will certainly increase the difficulty of comparing results
and sharing resources. Fortunately, databases such as
piRBase and piRNAQuest can perform the ID conversion
for the users. We hope that as the piRNA field matures,
there will also be uniform standards similar to those in
the miRNA field [176].
Another challenge is the lack of experimental validation for the role of specific piRNAs in disease processes.
While we have reviewed many studies showing dysregulation of piRNAs in disease tissues, only two studies in
ovarian and lung cancer, respectively, carry their analysis
further to provide in vitro and in vivo evidence of a role
for the dysregulated piRNAs and the regulation of their
intended targets [61, 62]. Related to the identification of
dysregulated piRNAs in disease, is their low abundance
once discovered. Whether they are functional at such
low levels remains to be seen as there is no natural
cut-off value in which piRNAs may be considered nonfunctional. This is especially problematic in somatic tissues where the piRNA levels are quite low.
A particularly exciting area of piRNA research is application in translational medicine. The proliferation of
databases and continual addition of computational models provides a steadily improving backbone of tools for
biomarker development and mechanistic insight into
how piRNAs are intertwined with disease. A role for
transposons to elicit disease in somatic tissues is emerging as well that merges canonical with emerging noncanonical piRNA functions. The development of additional tools for piRNAs involving transposon functions
and target finding of multiple piRNAs appear to be especially warranted. Future work should also aim to elucidate the function of piRNAs in somatic cells and diseases
as the expression of piRNAs beyond germline cells is
starting to gain more attention [30, 177–181].
Areas where piRNA tools are lacking, especially compared with other noncoding RNA fields, include evolution. The continuous trend in decreasing sequencing
costs should enable the profiling of piRNAs in a greater
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Applications

Perspectives and conclusions

PIWI-interacting RNAs in human diseases

Key Points
• piRNAs regulate transcriptional events in germline and
somatic cells via interactions with PIWI proteins.
• piRNAs are dysregulated and play roles in reproduction,
heart disease, neurodegenerative disorders and cancer.
• Attributes of 39 databases and 33 computational models
related to piRNA identification, function and disease
association are compared.
• Broad range of species and wide coverage of piRNA
molecules uncovered.
• Emerging concepts and future perspectives for piRNA
research include refinement of target identification,
biomarker development and mechanistic insights.
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Supplementary data are available online at https://
academic.oup.com/bib.
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