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ABSTRACT

Non-coding RNA (ncRNA) genes play a major role in
control of heterogeneous cellular behavior. Yet, their
functions are largely uncharacterized. Current avail-
able databases lack in-depth information of ncRNA
functions across spectrum of various cells/tissues.
Here, we present FARNA, a knowledgebase of in-
ferred functions of 10,289 human ncRNA transcripts
(2,734 microRNA and 7,555 long ncRNA) in 119 tis-
sues and 177 primary cells of human. Since tran-
scription factors (TFs) and TF co-factors (TcoFs)
are crucial components of regulatory machinery for
activation of gene transcription, cellular processes
and diseases in which TFs and TcoFs are involved
suggest functions of the transcripts they regulate.
In FARNA, functions of a transcript are inferred
from TFs and TcoFs whose genes co-express with
the transcript controlled by these TFs and TcoFs
in a considered cell/tissue. Transcripts were anno-
tated using statistically enriched GO terms, path-
ways and diseases across cells/tissues based on
guilt-by-association principle. Expression profiles
across cells/tissues based on Cap Analysis of Gene
Expression (CAGE) are provided. FARNA, having the
most comprehensive function annotation of con-
sidered ncRNAs across widest spectrum of human
cells/tissues, has a potential to greatly contribute to
our understanding of ncRNA roles and their regula-
tory mechanisms in human. FARNA can be accessed
at: http://cbrc.kaust.edu.sa/farna

INTRODUCTION

For quite long time, the roles of many of the non-coding
RNAs (ncRNA) such as micro RNAs (miRNAs) or long
non-coding RNAs (lncRNAs) were not known and these
were not perceived as essential as transcripts of protein-

coding genes. Today, we know of the diverse roles miR-
NAs and lncRNAs have in critical cellular processes in-
cluding control of gene expression, RNA splicing, RNA
editing, or their involvement in various diseases (1). In this
study, we will consider only miRNA and lncRNA as a num-
ber of them have been shown to exert key regulatory func-
tions in numerous cellular processes (2–4). An illustrative
example of such a miRNA is miR-503 implicated in sev-
eral cancer types affecting reduction of cell proliferation
through inducement of the G0/G1 cell cycle arrest by target-
ing CCND1 in both breast cancer (5) and endometrial can-
cer cell lines (6). miR-503 also directly inhibit CUGBP1 ex-
pression, thereby altering the expression of CUGBP1 target
mRNAs, which causes increased sensitivity of intestinal ep-
ithelial cells to apoptosis (7) acting as a modulator of intesti-
nal epithelial homoeostasis (7). Another example is human
lncRNA Fendrr whose overexpression suppresses invasion
and migration of gastric cancer cells in vitro, by down-
regulating FN1 and MMP2/MMP9 expression (8). The
mouse variant of this lncRNA, Fendrr, is shown to bind di-
rectly to PRC2 and TrxG/MLL complexes regulating heart
and body wall development in mouse (9). Overall, insights
about functions of these types of ncRNAs have stimulated
interest in miRNA- and lncRNA-related research.

Since experimental elucidation of ncRNA functions is
progressing slowly (10), in silico approaches for predict-
ing ncRNA functions became increasingly important. Pre-
diction methods are mainly based on guilt-by-association
principle where a gene of interest with unknown or par-
tially known functions is linked to other genes for which
part of their functions is known, where links are based
on shared or similar characteristics or behavior. The co-
expression-based analysis is frequently used to infer func-
tion of ncRNA (11,12). However, similarly as with the other
computational methods (13–16), co-expression-based anal-
ysis usually produces a significant number of false positive
function assignments (10). Another widely-used approach
employs targets of ncRNA to infer ncRNA functions from
the known properties of these targets (13). The third generic
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approach relies on using properties of transcription factors
(TFs) that control transcript activation in order to infer
function of protein-coding (14) and ncRNA genes (15). It
is shown that a single approach cannot detect all aspect of
functional characteristics of a gene and since all these meth-
ods are complementary to each other (10,16) they can be
combined to get a more complete picture of ncRNA func-
tions.

As the function of many miRNAs and lncRNAs are
not known in detail or frequently not known at all, many
databases and tools have been actively developed to fa-
cilitate investigation of function of both miRNA and
lncRNA and to infer potential functions of these tran-
scripts. Some well-known databases and tools along this line
include FAME (17), miR2GO (18), miRGator (12), miRò
(13), miRBase (19), miRNAVISA (20), miRPath v3.0 (21),
lncRNAWiki (22), lncRNAdb (22), LncRNADisease (23),
lncRNA2Function (24), LncRBase (25), lncRNAtor (11),
ChIPBase (15), starBase v2.0 (26), deepBase v2.0 (27) and
NONCODE 2016 (28). The above-mentioned databases
and tools provide important information about different as-
pects of ncRNAs, such as their association with the gene on-
tology (GO) terms, diseases, transcription factors, expres-
sion, etc. However, individually they: a/ provide function
annotation only for small number of cells/tissues or b/ lack
rich annotation with specific functions for large proportion
of human miRNA or lncRNA, or c/ provide only part of
such information for very small number of ncRNAs, or d/
provide only mechanistic information about ncRNAs, such
as their length, strand, etc., without explicitly annotating
functions of transcripts.

With all the above limitations in mind, we developed
FARNA (Function Annotation of non-coding RNA), a
knowledgebase that houses information related to in-
ferred function of human miRNA and lncRNA in a
cell/tissue-specific manner. In addition to function annota-
tion, FARNA integrates ncRNA information related to ex-
pression, pathways and diseases in a large number of human
tissues and primary cells. FARNA ranks annotated func-
tions of ncRNA based on statistical enrichment of mapped
terms from GO, pathways, diseases and parts of their regu-
latory networks that control activation of the ncRNA tran-
scripts (Figure 1). In FARNA, we infer functions of an
ncRNA transcript from the known functions of TFs and
their associated transcription co-factors (TcoFs) that con-
trol the ncRNA transcript where the genes encoding these
TFs and TcoFs co-express with the ncRNA transcript in
a considered cell/tissue. The effect of TcoFs on transcrip-
tional regulation and initiation, though indirect, is known
to be significant in different cellular process (29,30).

In a recent study (31), Yu et al. reported a large-scale
tissue transcriptome comparison between Cap Analysis of
Gene Expression (CAGE) and RNA-Seq (32) derived ex-
pression data in 22 tissues. The reported correlation coef-
ficients between CAGE- and RNA-Seq-based expressions
were quite high (e.g. 0.86, 0.87, 0.87, 0.88 for testis, placenta,
pancreas and brain tissues, respectively). Also, Kawaji et
al. (33) showed that among sequencing technologies He-
liScope CAGE (34) and RNA-Seq are in the best agree-
ment regarding expression (correlation coefficient was 0.88)
in terms of linearity of measurements, reproducibility of

Figure 1. Brief description of the pipeline used to infer cell/tissue-specific
functions of miRNA and lncRNA transcripts. First, FANTOM5 CAGE
data for primary cells and tissues was collected. The miRNA, lncRNA,
TF and TcoF transcripts that are expressed in different cells/tissues were
used for further analysis in cell/tissue-specific manner. The TF binding
site (TFBS) models from TRANSFAC and HOCOMOCO databases were
used to predict TFBSs on promoter regions of miRNA and lncRNA tran-
scripts. Only TFs and their associated TcoFs that are expressed in the con-
sidered cell/tissue together with the ncRNA transcript are used to infer
statistically significant cell/tissue-specific functions of the transcript.

quantification. As HeliScope CAGE protocol is used ex-
tensively to generate the CAGE data for FANTOM5 con-
sortium (35), we used CAGE expression in the promoter
regions of ncRNA as a proxy for the expression level of
ncRNA and extended our functional annotation to cover
the largest mapping of human tissues and primary cells
for which CAGE data is publicly available to date. ncRNA
genes demonstrate significant cell/tissue-specific expression
(36,37) and therefore, we inferred cell/tissue-specific puta-
tive functions of RNA genes expressed in 119 tissues and
177 primary cells based on CAGE data generated by the
FANTOM5 consortium. The potential ncRNA-associated
functions are inferred as statistically significantly enriched.
This has resulted in a rich annotation of functions for the
considered ncRNAs. To the best of our knowledge, this is
the first time that in combination with co-expression, both
genes that encode for TFs and TcoFs that control activa-
tion of human miRNAs and lncRNAs are used for ncRNA
function inference in a cell/tissue-specific manner for such
a comprehensive number of tissues and primary cells.

MATERIALS AND METHODS

Inferring function of genes based on TFs that control them
is a known approach (14). In FARNA, to infer functions
of a transcript, we require that the transcript of the consid-
ered ncRNA and the transcripts of genes that encode for
TFs and TcoFs likely controlling activation of the consid-
ered ncRNA transcript are all expressed in the considered
cell/tissue. Each ncRNA transcript is then associated with a
set T of TFs and TcoFs in a cell/tissue-specific manner and
annotated functions of TFs and TcoFs from T are then used
to infer statistically significant GO terms, pathways and dis-
eases for an ncRNA transcript.
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Selection of expressed transcripts in FANTOM5 samples

For our analyses, we used the robust CAGE peaks from
FANTOM5 (http://fantom.gsc.riken.jp/5/datafiles/latest/
extra/CAGE peaks/). We used CAGE data from 119
human tissues and 177 human primary cells (in many cases
data were collected from three individual donors). Follow-
ing the description of (31), transcripts having expression
value of at least 1 tag per million (TPM) (normalized
TPM using the relative log expression (RLE) method in
edgeR (38)) are considered as expressed in each tissue or
primary cell. 9,025 alternative transcripts are used based
on PROmiRNA algorithm (39) for miRNAs retrieved from
miRBase v20 (19). For lncRNA, 23,898 transcripts from
GENCODE (37) V19 were used. The one TPM threshold
selects 14.87% primary miRNA transcripts and 8.89%
lncRNA transcripts from different tissues/cells (Figure 2).
We used transcripts of genes encoding for TFs and TcoFs
from Refseq (40). The 5′ end of lncRNA, TF and TcoF
transcripts were considered to represent transcription start
sites (TSSs). For the miRNA transcripts the TSSs were
determined from PROmiRNA. CAGE tags were used to
estimate expression level of transcripts. A CAGE tag was
considered as associated with a transcript if it overlaps the
promoter region that covers [–500 bp, +100 bp] around
TSS of transcript on the same strand. When one promoter
region is overlapping with multiple CAGE clusters (35), we
select only one CAGE cluster based on the strongest signal.

Association of transcripts with TFBS

For each transcript of ncRNA expressed in a particu-
lar cell/tissue, TFBSs were predicted on promoters of the
transcript. To predict TFBSs we used TFBS models from
both HOCOMOCO v10 (41) and TRANSFAC 2015 (42)
databases. From HOCOMOCO, we used human TFBS
models and mapped the corresponding matrix model on
promoters the same way as in (43). If the mapped score of
TFBS model is no less than the model score set at P-value =
0.0001 by HOCOMOCO, then we considered that position
to be a potential TFBS hit. TFBS models from TRANS-
FAC 2015 were mapped with the MATCH program (42) on
the promoter regions using minimum false-positive profiles
of vertebrate high quality matrices.

Set of cell/tissue-specific TFs and TcoFs for each ncRNA
transcript

For each ncRNA transcript in a specific cell/tissue, we first
checked if it is expressed in that cell/tissue. If so, we asso-
ciate with this transcript TFs based on their predicted TF-
BSs on the promoter of the transcript. We further associated
these TFs with their known interacting high-confidence
TcoFs from TcoF-DB (44), under the conditions that genes
encoding these TFs and their associated TcoFs are ex-
pressed in the considered cell/tissue. All such associated
TFs and TcoFs formed the set of regulatory elements for
this transcript in that particular cell/tissue and are used to
infer transcript functions.

Cell/tissue specificity score for ncRNA transcripts

We calculated the specificity score for expression of all
ncRNA transcripts based on the method from (45,46). The
tissue specificity score (τ ) of an RNA transcript was calcu-
lated as follows:

τ =
(∑N

k = 1
(1 − xk)

)
/ (N − 1)

where N is the number of cells/tissues and xk is the expres-
sion level of transcript in the cells/tissues normalized by the
maximum expression value. For example, if the specificity
score is high in liver and the expression is also high in liver
for an RNA transcript, then one may assume that this tran-
script exerts certain effects in liver.

Enrichment of GO, pathway, disease annotation

The Human GO annotation was taken from GO Consor-
tium (47). ‘ELIM’ method (48) with Ontologizer (49,50)
tool was used to perform GO enrichment analysis. Only
GO terms that are statistically significant (false discovery
rate FDR < 0.05) are included in the FARNA knowledge-
base. For statistical analysis GO terms with less than five an-
notated protein-coding genes were excluded for the enrich-
ment analysis as suggested in (24).In addition to the prop-
erties of the ncRNA transcripts described by the GO terms,
we also identify statistically enriched pathways and diseases
in which the transcript is likely involved. For identifying the
implicated pathways we used the Reactome pathway repos-
itory (51), a curated and peer reviewed pathway database.
KOBAS (KEGG Orthology Based Annotation System) 2.0
(52), which integrates OMIM (53), KEGG DISEASE (54),
FunDO (55), GAD (56) and NHGRI GWAS Catalog (57)
disease databases, is used to predict involvement of ncRNA
transcripts in diseases. Enriched pathways are identified
by calculating the p-value based on the hypergeometric
distribution for each transcript using as the background
all unique human TFs from both HOCOMOCO v10 and
TRANSFAC 2015 and all TcoFs from TcoF DB. This
P-value was then corrected for multiplicity testing using
Benjamini–Hochberg method (58) to generate FDR values.
For determining statistically enriched diseases, the back-
ground consisted of all human proteins from SwissProt.
We kept only pathway and disease annotations that have
FDR <0.05. Moreover, FARNA provides filters for select-
ing more stringent FDR corrections. Figure 1, briefly out-
lines the pipeline of FARNA.

RESULTS

FARNA is composed of four basic modules (Figure 3):
Data sources, FARNA function association, FARNA DB
and FARNA web interface. Here, we provide description of
each module.

Data sources

This module contains information on miRNA promoters
from PROmiRNA and lncRNA promoters from GEN-
CODE. CAGE expression information on ncRNA tran-
scripts from different cells/tissues is also stored. Informa-

http://fantom.gsc.riken.jp/5/datafiles/latest/extra/CAGE_peaks/
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Figure 2. Expression of of RNA transcripts in different tissues/cells. Subfigure (A) shows scatter plot with contour overlay and (B) shows the box plot for
the fraction of transcripts from miRNA and lncRNA having expression >1 TPM in different tissues/cells. Subfigure (C) and (D) highlight the distribution
of expression for miRNA and lncRNA transcripts in several tissues. Vertical red dashed line highlights the one TPM (normalized TPM using the relative
log expression (RLE) method in edgeR) threshold.

tion on all TFs and TcoFs from HOCOMOCO, TRANS-
FAC and TcoF-DB is also kept here.

FARNA function association

This module associates each ncRNA transcript with TFs
and TcoFs in the cell/tissue-specific manner. Then, statis-
tically significant GO terms, pathways and diseases are an-
notated for each ncRNA transcript based on their associ-
ated TFs and TcoFs. PROmiRNA for miRNAs and GEN-
CODE for lncRNAs generate multiple transcripts per gene
and these transcripts are analyzed and annotated separately.
The following conditions have to be satisfied in order to
assign inferred function to a target ncRNA transcript: (i)
Each considered TF has binding sites in the promoter of the
target ncRNA transcript as described earlier. (ii) Each TcoF
is linked to a TF from 1/ if it is known that this TcoF binds
this TFs (only the highest confidence interaction taken form
TcoF DB). (iii) All such TFs and TcoFs and their target

ncRNA are expressed in the considered cell/tissue. Only
statistically enriched functions of such TFs and TcoFs in the
considered cell/tissue are used to infer function of the target
ncRNA in that cell/tissue based on the guilt-by-association
principle.

FARNA DB and links to external resources

For each lncRNA transcripts we provided the correspond-
ing Ensembl ID as its primary RNA ID, and also the
corresponding gene IDs and gene names from Ensembl
(59) linked to the related Ensembl resource. Similarly for
miRNA, we used the miRBase names and provide also the
corresponding gene IDs and names from Ensembl. For TFs
and TcoFs we used UniProt (60) names linking them exter-
nally to UniProt entries. GO annotation IDs and descrip-
tions are included and linked externally to AMIGO site
(61). IDs and names of diseases and pathways from KOBAS
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Figure 3. Basic modules of FARNA. There are four basic modules in
FARNA. Data Sources: The repository for all TFs, TcoFs, CAGE expres-
sion data from different cells/tissues, and transcripts for both miRNA and
lncRNA. CAGE data was used to filter out low-expressed ncRNA tran-
scripts, TFs, TcoFs. FARNA Associations: This module considers the as-
sociation of TFs with TcoFs to RNA transcripts and identifies statistically
enriched functions related to RNA transcripts in a cell/tissue-specific man-
ner. FARNA DB: This module indexes all associated function annotation
using Elasticsearch platform. FARNA Web Interface: Web interface for
users to explore the FARNA annotated function and expression profile
of RNA transcripts in different cells/tissues.

and Reactome are included and externally linked to their re-
spective entries.

FARNA web interface

Web interface of FARNA provides users with multiple op-
tions to explore the annotated functions. Users can search
based on RNA IDs and names, GO terms, pathways, dis-
eases, TFs and TcoFs. The search box provides autosugges-
tion and flexible search options, such as search for any spe-
cific term or a group of terms combined using OR, AND,
etc., logical operators following the Elasticsearch query
syntax (https://www.elastic.co/guide/en/elasticsearch/
reference/current/query-dsl-query-string-query.html). For
example, if users do not know the exact gene name, but
have an idea that the name ends with 567, then the search
with ENSG*567 can be done, or in order to query the
role of MALAT1 in cancer, one can type ‘malat1 cancer’
or ‘malat1 AND cancer’ in the search box to find all
relevant results from FARNA knowledgebase. Search is
case-insensitive.

FARNA annotation data is stored in Elasticsearch based
index (62). To facilitate exploration of the query results ag-
gregation queries are used and the results are presented as
attribute-filters on the query result pages with numbers in-
dicating the size of the result subsets. Users can narrow the
search results by selecting the available filters (e.g. attribute
filters like tissues, cells, pathways, disease or specific GO
category; FDR threshold filters for more stringent statisti-
cal significance of enrichment; RNA type selector: miRNA
or lncRNA). Expression profiles for ncRNA transcripts
across different cells/tissues are also highlighted. Users can
sort the expression profiles based on expression values or

Table 1. Summary statistics for FARNA

Unique entries miRNA lncRNA

Transcripts 2,734 7,555
GO terms 1,315 1,414
Pathways 179 186
Diseases 1,172 1,319
Tissues 119 119
Primary cells 177 177

This table summarizes the number of transcripts of miRNA and lncRNA
for which FARNA provides function information in different cells and tis-
sues. For these transcripts, the number of statistically significant (FDR <

0.05) unique GO terms, pathways and diseases are also highlighted.

cell/tissue names. As we have the annotation of inferred
functions for each individual transcript of a gene, we also
provided a pivot table for the ‘gene view’, which highlights
the variation of annotations among different transcripts of
a gene. Drag and drop functionality provided by the Pivot-
Table library facilitates users to view the query results across
multiple samples among multiple transcripts of a gene. Sup-
plementary Figure S1 shows an example usage of the pivot
table to check the annotations of MALAT1 in a tissue. De-
tailed usage instructions are provided at the FARNA web
site.

Statistics of FARNA

For each ncRNA, there are more than one transcript pro-
vided by PROmiRNA (4.7 transcripts per miRNA) and
GENCODE (1.72 transcripts per lncRNA). As we anno-
tate functions of transcripts in different cells/tissues, we
find transcripts could have different annotation depending
on the cell/tissue. Also, since one gene could have multi-
ple transcripts these transcripts could have different anno-
tation even in the same cell/tissue (depending of the asso-
ciated TFs and TcoFs). From Supplementary Figure S2,
median value of box plot shows that in FARNA we were
able to infer function in each cell/tissue for ∼2,000 lncRNA
transcripts and ∼1,300 primary miRNA transcripts. In to-
tal, FARNA provides annotated functions for 2,734 miR-
NAs transcripts and 7,555 lncRNA transcripts, which are
expressed (>1 TPM (normalized TPM using RLE method
in edgeR)) in different human cells/tissues. Table 1 summa-
rizes the annotation statistics of FARNA.

To the best of our knowledge, FARNA is the first knowl-
edgebase that contains rich annotation of inferred functions
for a large number of human miRNA and lncRNA tran-
scripts in a comprehensive number of cells/tissues. The an-
notation is provided per transcript. The functions include
statistically enriched GO categories, pathways and diseases.
FARNA displays GO, pathway and disease annotation en-
richment at different user-selected level of statistical signif-
icance. In Table 2, we highlighted the extent of information
available in FARNA and other similar databases based on
their original publication or information presented on the
respective web sites. Not all databases provide clear infor-
mation regarding the statistics of their content.

https://www.elastic.co/guide/en/elasticsearch/reference/current/query-dsl-query-string-query.html
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Table 2. Basic features of databases that contain annotation of human miRNA or lncRNA transcripts/genes

Database miRNA lncRNA GO Pathway Disease TF TcoF Targets CoE CTFA

FARNA � � � � � � � - � �
lncRNAdb - � � � � - - - � -
LncRNADisease - � - - � - - - - -
lncRNA2Function - � � � - - - - � -
lncRNAtor* - � � � - - - � � �
miRGator v3.0 � - � � � - - � � -
miRPath v3.0 � - � � - - - � � -
miRò � - � - � - - � - -
ChIPBase � � � � - � - - - -
FAME � - � � - - - � � -
NONCODE 2016 - � � - � - - - � -
deepBase v2.0 � � � � � - - - � -

This table compares the type of annotation provided by different database. ‘�’ means presence and ‘-‘ means absence. CoE: co-expression; CTFA:
cell/tissue-specific function annotation. *: Resource with primary focus on cancer.

DISCUSSION

There is no extensive validated RNA annotation for a com-
prehensive number of cells/tissues, thus it is thus not pos-
sible to generate precision-recall (PR) curve or receiver op-
erating curve (ROC) for RNAs in cell/tissue-specific man-
ner (17,24,45). In the absence of a gold standard dataset for
cell/tissue-specific functions of miRNA or lncRNA genes,
it is difficult to measure to what extent the inferred func-
tions by FARNA correspond to the true function of RNA
genes. We therefore used indirect means of evaluating the
predicted functions. We carried out a literature survey for
well-studied ncRNA genes and highlight the FARNA pre-
dictions that are closest (17) to the reported function in dif-
ferent cells/tissues.

Example 1

miR-122 which is known to be down-regulated in liver dis-
eases (63). HNF6 (64), HNF4A, CEBPA and FOXA2 (15)
are shown to be liver enriched TFs and Nuclear factor-�B
(NF-�B) is activated in response to several stresses and may
cause liver damage (63). Suppression of miR-122 induced
by HBV infection, leads to inactivation of IFN expression,
which in turn enhances HBV replication, contributing to vi-
ral persistence and hepatocarcinogenesis (65). FARNA pre-
dictions show TFs HNF6, HNF4A, CEBPZ and FOXA2
associated to the miR-122 promoter region and that miR-
122 is highly expressed in ‘normal’ liver tissue and hepato-
cyte cells. Moreover, FARNA returns several liver-related
GO terms, pathways and diseases such as: GO:0001889 liver
development, GO:0044255 cellular lipid metabolic process,
GO:0038061 NIK/NF-kappaB signaling, GO:0033256 I-
kappaB/NF-kappaB complex, REACT 25024 TRAF6 me-
diated induction of NFkB and MAP kinases upon TLR7/8
or 9 activation, REACT 13537 p75NTR signals via NF-
kB, REACT 22258 Metabolism of lipids and lipoproteins,
REACT 19241 Regulation of lipid metabolism by Perox-
isome proliferator-activated receptor alpha (PPARalpha)
and REACT 25359: RIG-I/MDA5 mediated induction of
IFN-alpha/beta pathways in liver tissue.

Example 2

miRNAs from miR-200 family have been identified
as biomarkers for epithelial-to-mesenchymal transition
(EMT). In EMT epithelial cells morphologically and phe-
notypically transdifferentiate into mesenchymal cells in pro-
liferative vitreoretinopathy (PVR) (66), renal fibrosis (67),
cancers (68) and embryonic development (69). It has been
shown that miR-200 family targets the E-cadherin tran-
scriptional repressors zinc finger E-box binding homeobox
1 (ZEB1) and ZEB2 for EMT (70–72). Some other TFs that
play a crucial role in EMT include SNAI1 and SNAI2 as
initiation of EMT events have been associated with SNAI
activation (73,74). It has further been demonstrated (73,74)
that SNAI2 indirectly regulates ZEB1 and ZEB2 by regu-
lating the miR-200 family transcripts, and in turn the miR-
200 family regulates ZEB1 and ZEB2. ETS1, another TF,
is a suggested upstream regulator of ZEB1 and ZEB2 (75)
and it has also been identified as a biomarker of EMT.
FARNA prediction associates TFs SNAI1, SNAI2, ZEB1
and ETS1 to miR-200a promoter region and shows that
miR-200a is expressed in eye vitreous humor and skin palm
tissue and in renal epithelial cells. FARNA additionally
returns several related GO terms and disease annotations
such as GO:0048596 embryonic camera-type eye morpho-
genesis, GO:0002088 lens development in camera-type eye,
REACT 13776 p75 NTR receptor-mediated signaling (76),
FunDO:(2152) Renal tubular acidosis, REACT 6966 Toll-
Like Receptors Cascades (77), GO:0016605 PML body and
FunDO:(1853) Eye cancer.

Example 3

The third example related to lncRNA, PCA3 (Prostate
Cancer Antigen 3), which are reported to be expressed
in human prostate tissue and further shown to be over-
expressed in prostate cancer (78,79). EMT has also been
demonstrated to play a critical role in the development of
metastatic castration resistant prostate cancer (mCRPC)
(80). FARNA prediction associates TFs SNAI1 and SNAI2
bind to the PCA3 promoter region and shows PCA3 to
be strictly expressed in normal prostate and penis tissue.
Schalken et al. reported DD3 (PCA3) possesses 4 TF bind-
ing sites, of which one binding site is a preferential target
of a topologic transcription factor confirmed to be high-
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mobility group protein-I(Y) (HMGI-Y), with a subtle con-
formational change suggesting the recruitment of another
TF, as yet unidentified (81). FARNA predicts HMGB1
and HMGB2 as co-factors associated with PCA3 tran-
scription. FARNA additionally returns related GO and
disease terms such as OMIM:(176807) Prostate cancer,
GAD:(KOBAS:32174) Uterine prolapse, GO:2000134 neg-
ative regulation of G1/S transition of mitotic cell cycle,
GO:0043518 negative regulation of DNA damage response,
signal transduction by p53 class mediator, GO:0016605
PML body and GO:0051403 stress-activated MAPK cas-
cade.

Example 4

Another lncRNA, RMST (rhabdomyosarcoma 2-
associated transcript), has been reported to be expressed
specifically in brain tissue and its increased expression
has been demonstrated during neuronal differentiation,
indicating a role in neurogenesis (82). More precisely,
RMST physically interacts with SOX2, a TF known to
regulate neural fate (82). FARNA shows SOX2 in the TF
list of RMST, its expression in cerebellum adult tissue. It
additionally returns related disease and GO terms such
as GO:0038095 Fc-epsilon receptor signaling pathway,
KEGG DISEASE:(KOBAS:22) Cancers of the nervous
system. FARNA further shows that RMST expression is
not entirely restricted to cerebellum adult tissue, but is also
expressed in ductus deferens, seminal vesicle and adipose
tissue. Thus, RMST may be involved in male reproductive
system as well.

Example 5

Metastasis-associated lung adenocarcinoma transcript 1
(MALAT1), also referred to as nuclear-enriched abun-
dant transcript 2 (NEAT2), is highly abundant and is ex-
pressed in many healthy organs (83). Differentially ex-
pressed MALAT1 have now been linked to several cancer
types including lung cancer (83), osteosarcoma (84), uter-
ine endometrial stromal sarcoma (85), cervical cancer (86),
hepatocellular carcinoma (HCC) (87), breast cancer (88),
acute myeloid leukemia (89) and colorectal cancer (90), as
well as viral infection or alcohol abuse (91). MALAT1 has
been linked to a plethora of functions, as it was shown to
promote cell motility of lung cancer cells (92), support pro-
liferation and invasion of cervical cancer cells (93), func-
tion in trophoblast invasion during embryonic development
(94), proliferation of vitreoretinopathy (95), pathogenesis of
diabetes-related microvascular disease, diabetic retinopathy
(96) and is associated with synaptogenesis (97).

FARNA-predicted MALAT1 functions that com-
ply with these known ones include NHGRI GWAS
Catalog:(KOBAS:4945) pulmonary function (interac-
tion), REACT 163823 SUMOylation, REACT 163793
processing and activation of SUMO, REACT 25359
RIG-I/MDA5 mediated induction of IFN-alpha/beta
pathways, KEGG DISEASE:(KOBAS:762) Cancers
of the lung and pleura, KEGG DISEASE:(H00036)
osteosarcoma, GAD:(KOBAS:32214) endometrial neo-
plasms, KEGG DISEASE:(H00048) hepatocellular

carcinoma, FunDO:(1944) breast cancer, NHGRI GWAS
Catalog:(KOBAS:2105) esophageal adenocarcinoma,
OMIM:(601626) leukemia, acute myeloid, KEGG DIS-
EASE:(H00004) chronic myeloid leukemia (CML),
KEGG DISEASE:(H00001 and H00002) acute lym-
phoblastic leukemia, KEGG DISEASE:(KOBAS:172)
cancers of haematopoietic and lymphoid tissues and
GAD:(KOBAS:774) colorectal cancer.

As for the relation of MALAT1 and eye, the currently
known involvement of MALAT1 is in proliferation of vit-
reoretinopathy (95) and pathogenesis diabetic retinopathy
(96). FARNA shows MALAT1 expression in ‘eye vitreous
humor’ and several types of ‘eye muscle’ tissue and predict
‘Toll-like receptors cascade’ pathways which acts as a part
of immune system for infection in eye (98). FARNA returns
disease related concepts such as FunDO:(1853) Eye cancer,
NHGRI GWAS Catalog:(KOBAS:8905) Fuchs’s corneal
dystrophy and NHGRI GWAS Catalog:(KOBAS:5215)
cataracts in type 2 diabetes.

Example 6

The lncRNA HOTAIR, originating from the HOXC lo-
cus, is reported overexpressed in several cancer types (99)
including bladder cancer (100). HOTAIR has also been
shown to be an important factor in the differentiation
of skin (101). Chuong specifically reports the involve-
ment of Homeobox genes in fetal wound healing (not in
adults) and skin regional specificity (101). FARNA show
HOTAIR expression in fibroblast skin walker warburg,
smooth muscle cells bladder and smooth muscle cells um-
bilical vein and predicts several annotations from differ-
ent sources that comply with known HOTAIR function-
ing such as GO:0009913 epidermal cell differentiation, RE-
ACT 111045 developmental biology, GAD:(KOBAS:2024)
developmental, GO:0051241 negative regulation of mul-
ticellular organismal process, GO:0043066 negative reg-
ulation of apoptotic process, GO:0032481 positive regu-
lation of type I interferon production, REACT 118764
ZBP1(DAI) mediated induction of type I IFNs, KEGG
DISEASE:(KOBAS:172) cancers of haematopoietic and
lymphoid tissues and FunDO:(1944) breast cancer.

FARNA also predicts annotation of function such as
GO:0016514 SWI/SNF complex and GO:0006338 chro-
matin remodeling for HOTAIR that is reasonable as loss
of the mammalian SWI/SNF complexes function has been
associated with malignant transformation and it has also
been demonstrated to mediate ATP-dependent chromatin
remodeling processes that are critical for differentiation and
proliferation (102).

Moreover, HOTAIR overexpression has also been shown
to induce aberrant expression of HOX transcription factors
(especially HOXD10, that regulate differentiation and tis-
sue homeostasis). Heubach et al. reported that the effects of
HOTAIR are strongly tissue-dependent and can even dif-
fer within one cancer type (103). They also showed that
in 5637 cells (Homo sapiens urinary bladder grade II car-
cinoma), only HOXB8 was induced and HOX genes that
were repressed include HOXD10, HOXA1 and HOXA11.
The decreased expression of HOXD10 in 5637 cells was ac-
companied by slight increases in H3K27 and H3K9 methy-
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lation. Histone H3 lysine 9 (H3–K9) methylation has been
shown to correlate with transcriptional repression (104,105)
and deacetylation along with methylation of H3K9 coordi-
nate chromosome condensation (106). FARNA predicted
annotation of function that comply with these known HO-
TAIR functioning as well such as GO:1990619 histone H3-
K9 deacetylation and GO:0006338 chromatin remodelling.

These examples demonstrate that FARNA annotations
fit closely to and are supported by the known functions of
several ncRNAs. Supplementary Table S1 highlights addi-
tional experimental evidences demonstrating the function
of well-known miRNA and lncRNA collated from litera-
ture and FARNA predictions that support and complement
the existing experimental evidence. There are also other
ncRNAs for which there is no experimental evidence of
its functions, such as for hsa-miR-4267. However, FARNA
may help in some of these cases, as it shows that this miRNA
is highly expressed in several ‘normal’ tissue types (esoph-
agus, tonsil, small intestine, colon and tongue) and cells
(corneal epithelial cells, smooth muscle cells pulmonary
artery, urothelial cells, esophageal epithelial cells and amni-
otic membrane cells). These suggest prevalent, high expres-
sion of miR-4267 in digestive system related tissues/cells,
thereby providing suggestions for future research.

Additionally, we also used semantic similarity based ap-
proach as an alterative indirect way to show that our an-
notation pipeline works well. Semantic similarity is widely
used as a measure to assess performance of automated
function prediction (107–109). We used ‘direct annota-
tions’ from AMIGO for 76 human miRNAs (Supplemen-
tary Table S2). For the miRNAs that are annotated by
both FARNA and FAME, the semantic similarity between
FARNA and AMIGO is higher than the semantic similarity
between FAME and AMIGO (Supplementary Figure S3).
It was not possible to do the same for lncRNA as there is
no equivalent resource that can be used for this purpose.
To measure the semantic similarity, Lin’s similarity mea-
sure (110) with Resnik information content (111) with best
matching average (bma) option was used from ‘The seman-
tic measures library and toolkit’ (112).

To explore the overlapped annotation between FARNA
and some other databases, we selected FAME (for miRNA)
and LncRNA2Function (for lncRNA) because they pro-
vide option to download their complete annotations. We
found that these tools have good overlap of their anno-
tations against FARNA. In order to find out overlap on
the annotation between FARNA and these two databases,
we applied the following. If an ncRNA is annotated by
a GO term X in FARNA and if this matches exactly the
annotation in the other database, or it matches a more
general GO term (ISA ancestor relationship in GO hier-
archy) of the other database, then we considered that the
FARNA annotation is included in the annotation of the
other database and vice versa. When we checked GO an-
notations of FARNA against high confidence GO anno-
tations provided by FAME to compare the coverage of
annotations by each other, we found that 58.78% anno-
tations of FAME are covered by FARNA and 38.20% of
annotations provided by FARNA are covered by FAME.
For lncRNA, LncRNA2Function covers 65.02% of anno-
tations provided by FARNA, while 30.90% annotations of

LncRNA2Function are covered by FARNA (Supplemen-
tary Figure S4).

FUTURE DEVELOPMENTS AND UPDATE

In future, FARNA will be updated annually based on the
availability of expression data from new cells and tissues.
Also, we will update the annotation with new version of
TFBS models and new versions of annotations from refer-
ence repositories. We also plan to extend FARNA to cover
other species, specifically model organisms, such as plant
Arabidopsis thaliana, fungi such as Aspergillus nidulans,
Saccharomyces cerevisiae, or bacteria such as Escherichia
coli, Bacillus subtilis or Synechocystis.

CONCLUSION

FARNA contains annotated functions for a large num-
ber of miRNA and lncRNA transcripts in different hu-
man cells/tissues. It also contains suitable search mecha-
nism to interrogate the information contained. We believe
that FARNA will be of broad interest to the researchers
working on human miRNAs and lncRNAs.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.
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