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miRTARGET (https://www.mirtarget.com) is a web tool for the identification of miRNA targets. It integrates
experimental miRNA-related datasets and computational algorithms to generate prediction scores for targets of
1744 human miRNAs. The score is based on four dataset categories: mRNA profiling in cells or mice after (1)
ectopic miRNA expression or (2) miRNA inactivation by knock-out or knock-down, (3) correlation analyses of
mRNA and miRNA expression profiles, and (4) ten computational miRNA target prediction algorithms. Our
validation analyses demonstrated a significant enrichment of published/validated miRNA targets among the
predicted miRNA targets, underlining the reliability of the miRTARGET prediction score. In addition, miR-
TARGET integrates cancer-related datasets from primary tumors and cell lines, allowing users to filter/extract
miRNA targets based on cancer cell line dependency, survival associations, and differential expression between
tumor and normal tissues across 32 cancer entities. As a proof-of-concept, miRTARGET identified CDC7 and its
regulatory unit DBF4 as the top cancer-associated predicted targets of the tumor suppressive miRNA miR-30a.
Therefore, the CDC7-DBF4 complex may represent an attractive candidate therapeutic target for the treatment
of cancers with miR-30a inactivation. Altogether, miRTARGET is a powerful and user-friendly web tool for

exploring miRNA targets with therapeutic or prognostic potential in cancer.

Introduction

MicroRNAs (miRNAs) are small, non-coding RNA molecules that
play a critical role in the post-transcriptional regulation of gene
expression, impacting numerous cellular processes such as differentia-
tion, proliferation, apoptosis, and stress responses [1]. They are 20-24
nucleotides in length and exert their regulatory function primarily by
binding to complementary sequences in the 3-untranslated regions
(UTRs) of target messenger RNAs (mRNAs), resulting in translational
repression or mRNA degradation [2]. It has been estimated that miRNAs
regulate the expression of over 60 % of human mRNAs, making them
integral to gene regulatory networks [3]. Therefore, the identification of
miRNA targets is pivotal for understanding the biological function of
miRNAs. Putative microRNA target RNAs are often identified by miRNA
prediction algorithms, such as TargetScan [4], based on the presence of
sites in 3-UTRs of mRNAs that match the seed region of miRNAs [5].
Since such an approach is entirely computational it may provide false

positive targets. In last years, comprehensive genome-wide miRNA and
mRNA expression profiling studies of tumors have been performed,
which allow correlation analyzes between miRNA and mRNA expression
[6]. These datasets have been integrated with computational algorithms
in miRNA portals, such as miRgator, miRnet, and StarBase to improve
miRNA target prediction [7-9]. In addition, many genome-wide mRNA
profiling studies in cell lines and mouse models after ectopic miRNA
expression or miRNA knockout have been performed, allowing further
improvement of putative miRNA target identification. However, to our
knowledge such datasets have not yet been implemented into miRNA
target prediction tools. Therefore, we integrated computational datasets
with experimental miRNA-related datasets including studies using
ectopic miRNA expression or miRNA knockout to generate prediction
scores for targets of 1744 human miRNAs. The dysregulation of miRNA
expression has been implicated in a variety of diseases, including cancer,
cardiovascular diseases, and neurological disorders. In cancer, for
instance, specific miRNAs can function as either oncogenes (oncomiRs)
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Fig. 1. The schematic overview of miRTARGET datasets and workflow.

or tumor suppressors [10]. For example, miRNAs of the miR-34 family
possess tumor suppressive properties [11,12]. Many miR-34 targets,
such as MET and AXL represent important oncogenes and inhibitors of
these proteins have been approved for the treatment of certain types of
tumors [13,14]. To identify potential cancer-related miRNA targets, we
integrated miRNA-related datasets with cancer-related datasets, such as
association with survival, expression in tumor and normal tissue, and
cancer cell line dependency. Furthermore, we developed a user-friendly
web tool that allows the visualization of datasets and may facilitate the
identification of putative miRNA targets with cancer therapeutical or
prognostic potential, which is not possible with other miRNA target
prediction portals.

Results and discussion
Overview of miRTARGET

The schematic overview of miRTARGET is shown in Fig. 1. We
included three experimental and one computational miRNA-related
dataset categories: 1. 1010 datasets from the NCBI GEO database that
represent genome-wide mRNA expression profiles of cell lines and tis-
sues after introduction of ectopic miRNAs by mimics or expression
vectors. These datasets correspond to 254 miRNAs with an average of
3.99 studies per miRNA. 2. 334 datasets from the NCBI GEO database
that contain genome-wide mRNA expression profiles of cell lines and
tissues after miRNA knockout or knockdown. These datasets correspond
to 123 miRNAs with an average of 2.73 studies per miRNA. 3. Genome-
wide mRNA and miRNA expression profiles from 32 cancer entities
(TCGA). 4. Ten computational miRNA target prediction algorithms, such
as Targetscan [4]. For datasets from categories 1 and 2 the fold change of
each mRNA after ectopic miRNA or miRNA knockdown/knockout was

calculated. Since miRNAs generally repress the expression of their tar-
gets, mRNAs that are consistently down-regulated by ectopic miRNA
and induced by miRNA knockdown/knockout in multiple datasets
represent potential miRNA targets. For datasets from category 3, cor-
relation coefficients between the expression of mRNAs and miRNAs
were calculated. mRNAs that display a negative correlation with a
miRNA represent potential targets of that miRNA. Analyzes of datasets
from categories 1 to 3 show whether mRNA expression is correlate-
d/regulated by miRNA. However, these analyzes did not provide in-
formation as to whether these regulations are mediated directly via
binding of the miRNA to the 3-UTR of the mRNA. Therefore, we
included miRNA target prediction algorithms, which predict miRNA
targets by the presence of sites in 3-UTRs of mRNAs that match the seed
region of miRNAs. Next, we integrated datasets from the four categories
and calculated a miRNA target probability score (Table S4) and rank
(Table S5) for every miRNA/mRNA pair as described in Materials and
Methods.

To facilitate the identification of targets with cancer-related ther-
apeutical or prognostic potential, we also included four cancer-related
dataset categories: 1. Genome wide profiling of mRNA and miRNA
expression in tumors and matching normal tissues from 21 cancer en-
tities (TCGA). The fold change and significance between tumor and
normal tissue was calculated for 34334 mRNAs and 1704 miRNAs
(Table S6; miRNAs that are significantly up- or down-regulated in tu-
mors compared to normal tissue can also be shown in the miRTARGET
website under the tab “CANCER ASSOCIATED miRNAs”). 2. Genome
wide association of mRNA and miRNA expression with overall survival
in cancer patients from 32 entities (TCGA). The Hazard ratio and sig-
nificance was calculated for 34334 mRNAs and 1704 miRNAs (Table S7;
miRNAs that are significantly associated with overall survival can also
be shown in the miRTARGET website under the tab “CANCER
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Fig. 2. Benchmarking of the miRTARGET miRNA target prediction score. Ranked GSEA Normalized enrichment score (A) and p-value (B) of validated miRNA targets
in all mRNAs ranked according to the miRTARGET miRNA prediction score.

A differential MiRNA B Association of elevated
expression miRNA expression
tumor/normal: T<N  n.s. T>N with overall survival
BLCA 0S:good n.s poor
BRCA ACC
CESC BLCA
CHOL BRCA
COAD CESC
ESCA CHOL
HNSC COAD
o KICH DLBC
g KIRC ESCA
‘q&; KIRP HNSC
€ LIHC KICH
8 LUAD KIRC
LUSC o KIRP
PAAD S LAML
PCPG 5 LGG
PRAD Q LIHC
READ 8 LUAD
STAD LUSC
THCA MESO
THYM oV
UCEC PAAD
PCPG
Tumor/normal PRAD
miRNA target score READ
e max SARC
SKCM
STAD
TGCT
THCA
THYM
UCEC
UcCs
uvm

Overall survival

miRNA target score

[

min max

Fig. 3. Correlations between clinical associations of miRNAs and their targets. (A) Expression of miRNAs and their targets in tumor versus normal tissues from
indicated cancer types. For miRNAs that were downregulated in tumors compared to normal tissue (T < N), their top1000 predicted targets were predominantly
upregulated in tumors (high Tumor/normal miRNA target score), whereas targets of upregulated miRNAs (T > N) displayed lower expression (low Tumor/normal
miRNA target score) in tumors from all analyzed cancer entities. (B) Associations of miRNAs and their targets with overall survival in patients with indicated cancer
types. For miRNAs that were associated with good survival (OS: good), their top1000 predicted targets were predominantly associated with poor survival (High
Overall survival miRNA target score), whereas targets of miRNAs associated with poor survival (OS: poor) were associated with good survival (low Overall survival
miRNA target score) in the majority of cancer entities.

For details regarding the calculations of Tumor/normal and Overall survival miRNA target scores see materials and methods (section Correlations between clinical
associations of miRNAs and their targets).
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ASSOCIATED miRNAs™). 3. Cancer cell line dependency (from the
Cancer Dependency Map) for the identification of potential cancer
vulnerabilities. 4. Druggability, based on Jiang et al. [15]. The miRNA-
and cancer-related datasets have been integrated, which allows miR-
TARGET users to quickly identify miRNA targets with therapeutic or
prognostic potential in cancer, without manual data assembly or pro-
cessing, saving significant time and effort.

Benchmarking of miRTARGET miRNA target prediction score

Many published, experimentally validated miRNA targets showed
high miRTARGET miRNA prediction scores and ranks. For example, the
miR-34a target MET [16] is ranked as the best miR-34a target and the
miR-21 target PDCD4 [17] is ranked as the second best miR-21 target
according to the miRTARGET miRNA prediction score. To systemati-
cally test whether miRNA targets with high miRTARGET prediction
scores are enriched for validated miRNA targets, we searched the miR-
TarBase 10.0 [18] for miRNAs with at least 10 targets that were
experimentally validated by luciferase 3-UTR reporter assays, which is a
gold standard for miRNA target validation and identified 176 miRNAs
that fulfilled this criterion. For each of these miRNAs, we performed a
ranked GSEA analysis to test the enrichment of validated targets in all
mRNAs ranked according to the miRTARGET miRNA prediction score
for that miRNA. For 164 from 176 miRNAs the validated miRNA targets
were significantly enriched in mRNAs with high miRNA target

prediction scores for that miRNA, suggesting that the miRTARGET score
can accurately identify miRNA targets (Fig. 2A and B).

Next, we analyzed the correlations between clinical associations of
miRNAs and their targets. For miRNAs that were downregulated in tu-
mors compared to normal tissue, their top1000 predicted targets were
predominantly upregulated in tumors, whereas targets of upregulated
miRNAs displayed lower expression in tumors from all analyzed cancer
entities (Fig. 3A). Similarly, the top1000 predicted targets of miRNAs
associated with good survival were associated with poor survival,
whereas targets of miRNAs associated with poor survival were targeted
by miRNAs associated with good survival in the majority of cancer en-
tities (Fig. 3B). These results suggest that targets of tumor suppressive
miRNAs have oncogenic properties and vice versa.

Example applications

Identification of miRNA targets with therapeutic applications in cancer
Many miRNAs display tumor suppressing properties and are inacti-
vated in tumors [19]. Therefore, therapeutic replacement of miRNAs
represents an attractive option for cancer therapeutics. However, it is
challenging to target miRNAs in a clinical setting, especially tumor
suppressing miRNAs, since they would have to be replaced to achieve
tumor suppression [20]. Hence, an alternative approach is the inhibition
of up-regulated targets of tumor suppressive miRNAs. One of the pos-
sibilities of miRTARGET is the identification of druggable clinically
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Fig. 5. Example application: Identification of miRNA Targets with Therapeutic Applications in Cancer. (A) Enrichment of the top 1000 potential miR-30a targets in
indicated MSigDB gene sets. (B) miR-30a expression in tumor versus normal tissue from indicated cancer types. (C) expression of the top 1000 potential miR-30a
targets in tumor versus normal tissue from indicated cancer types. (D) Associations of miR-30a expression with overall survival in indicated cancer types. (E) As-
sociations of the top 1000 potential miR-30a targets with overall survival in indicated cancer types. (F) Associations of the top 1000 potential miR-30a targets with

cancer cell dependency in indicated cancer types.

relevant targets of miRNAs. For example, miR-30a acts as a tumor
suppressor in many cancer types, including colorectal, breast, renal, and
ovarian cancers, where it is frequently downregulated in tumors [21].
To identify potential targets of miR-30a users can enter miR-30a in the
search field of the miRTARGET starting page (Fig. 4A). Then, a table is
displayed, which shows all miR-30a target mRNAs ranked according to
the target prediction score (Fig. 4B). Hence, the most likely potential
targets of miR-30a are on the top of the list. The column “validated
miRNA target” shows the pubmed ID (PMID) reference if the candidate
target has already been experimentally validated according to the
miRTarBase 10.0 (Fig. 4C). The plots on the right provide additional
information about the predicted miRNA targets (Fig. 5): The top1000
potential miR-30a targets are enriched in GoM-checkpoint, E2F targets,
and cell cycle related gene-sets (Fig. 5A). The expression of miR-30a is
significantly lower in tumor vs normal tissue (Fig. 5B) and associated
with good survival in the majority of cancer entities (Fig. 5D). Consis-
tently, the majority of the topl000 predicted miR-30a targets are
expressed higher in tumors (Fig. 5C) and associated with poor survival
(Fig. SE). Finally, approximately 15 % and 10 % of miR-30a targets show
a dependency in cancer cell lines based on CRISPR and shRNA DepMap
screens, respectively (Fig. 5F).

The list of potential miRNA targets can be adjusted by selecting
different miRNA- and cancer-related criteria and cutoff values, which
are all integrated in one search field allowing users to quickly identify
miRNA targets with therapeutic or prognostic potential in cancer,
without having to assemble or process the data manually, saving
considerable time and effort (Fig. 4D). To identify cancer-associated
miR-30a targets users can select “Significant association with overall
survival” and/or “Significant differential expression (tumor vs normal)”
(Fig. 4D). For oncogenic miRNA targets “high expression is associated
with poor survival” and/or “higher expression in tumor” should be
selected. To further filter the candidates for potential therapeutic tar-
gets, users can select “Significant dependency in cancer cell lines”. Next,
users can choose a specific cancer type or select “in at least X % of cancer
types” to identify candidates that are associated with multiple cancers.
Finally, users can also select “Druggable” to further filter candidates for
druggability. Application of these criteria and cutoff values resulted in a
list of 15 candidates for druggable clinically relevant targets of miR-30a
(Fig. 4B). The top candidate is DBF4, which encodes for the regulatory
unit of the CDC7 kinase that regulates DNA replication [22]. Interest-
ingly, according to the miRTARGET algorithm, CDC?7 is also a predicted
miR-30a target. Therefore, the CDC7-DBF4 complex may represent an
attractive candidate therapeutic target for the treatment of cancers with
miR-30a inactivation. Indeed, CDC7 has been recognized as a potential
target for therapeutic interventions in various cancers and multiple
CDC?7 inhibitors have been developed [23].

To obtain detailed results for a specific predicted miRNA target, users
can click on the target in the table of miRNA target candidates. miR-
TARGET will then display multiple plots of miRNA- and cancer-related
data in intuitive, straightforward plots that are displayed on one page,
allowing to evaluate miRNA- and cancer-related properties of targets at
a glance (Fig. 6): (A) The miRNA and the target mRNA score/rank. The
miRNA rank for DBF4 is five, which indicates that DBF4 is the 5th
highest ranked potential target of miR-30a according to the miRTARGET
score. The mRNA rank for DBF4 is two and shows that miR-30a is the
2nd highest ranked potential miRNA regulator of DBF4. (B) computa-
tional miRNA target prediction, which indicates that eight from ten al-
gorithms predict DBF4 as a miR-30a target. (C) fold change of target
mRNA expression by ectopic miRNA, which shows that DBF4 is

repressed by ectopic miR-30a in five different cancer cell lines / studies.
(D) fold change of mRNA expression in miRNA knockout/knockdown,
indicating that DBF4 is induced by miR-30a knockdown in three from
five studies. (E) correlation between miRNA and mRNA expression,
indicating that the expression of DBF4 and miR-30a is negatively
correlated in 29 from 32 tumor tissues from indicated cancer entities.
Furthermore, associations of miR-30a and DBF4 with cancer properties
are shown: (F and G) associations width overall survival in indicated
cancer types, indicating that miR-30a is predominantly associated with
good survival (F), whereas DBF4 is associated with poor survival in the
majority of cancer types (G); (H and I) differences in expression between
tumor and normal tissue in indicated cancer types, indicating that miR-
30a is predominantly downregulated in tumors (H), whereas DBF4 is up-
regulated in tumors form the majority of cancer types (I); (J) de-
pendency of cancer cell lines from indicated cancer entities, indicating
that cell lines across multiple cancer type are dependent on DBF4. The
associations with clinical data (F — I) are displayed as clickable forest
plots, which provides an overview of associations in all cancer types and
detailed presentation of data after clicking on a specific cancer type.

Identification of miRNAs that potentially regulate a specific mRNA

miRTARGET also allows the identification of miRNAs that poten-
tially regulate a specific mRNA (Fig. 7). For this purpose, users can enter
a gene/mRNA symbol in the search field (Fig. 7A) (e.g. ZEB1). A table
(Fig. 7B) shows a list of miRNAs that potentially regulate ZEB1 ranked
according to the target prediction score. The list can be adjusted by
selecting criteria and cutoff values as described above.

Analysis of user’s data

Another feature of miRTARGET is the analysis of user’s own data.
For example, users can upload a list of differentially expressed mRNAs
from mRNA profiling experiments and miRTARGET will calculate
whether potential targets of any miRNA are enriched in the provided list
of mRNAs, thereby providing information on the involvement of specific
miRNAs in user’s datasets. As an example, we utilized a list of 50 most
downregulated mRNAs from a mRNA profiling study using the MDA-231
breast cancer cells transfected with miR-34a mimics [24]. The most
enriched miRNA targets were miR-34a targets and targets of miR-34c,
miR-449b, and miR-449a, which all belong to the miR-34 family (Fig. 8).

Methods
Data sources and processing

The NCBI GEO (https://www.ncbi.nlm.nih.gov/geo/) database was
searched for genome-wide mRNA expression profiling datasets that are
based on ectopic miRNA expression or miRNA knockout/knockdown.
1010 datasets obtained from cell lines after transfection with miRNA
mimics or expression vectors (Table S1) and 334 datasets derived from
miRNA knockout/knockdown cells/mice (Table S2) were identified and
downloaded. For datasets using RNA-seq, RPKM values were used and
for datasets using microarrays, normalized signal intensity values were
used. The fold change was calculated by dividing mRNA expression
levels after ectopic miRNA or miRNA knockout/knockdown by the
control expression levels for every mRNA. Standardized TCGA datasets
containing mRNA and miRNA expression profiling of tumors from 32
cancer entities were downloaded from the MD Anderson MBatch Omic
Browser (bioinformatics.mdanderson.org/MQA). The correlation be-
tween the expression of each mature miRNA and every mRNA was
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calculated by Pearson correlation coefficient. Data from 10 miRNA
target prediction tools/algorithms was downloaded and analyzed from
webpages listed in Table S3. Validated/published miRNA targets were
derived from the miRTarBase v10 database [25] (mirtarbase.cuhk.edu.
cn/~miRTarBase/miRTarBase_2025) with the requirement of the vali-
dation by luciferase reporter assay experiment.

Clinical data for TCGA datasets from 32 cancer types was obtained
from Liu et al. [26]. The statistics for overall survival analysis was
calculated by log-rank test. For binary classification of cases (high/low
expression), the Survminer R-package (https://CRAN.R-project.org/pa
ckage=survminer) was used to determine optimal cutoff values. For
some miRNAs and mRNAs the cutoff value could not be determined due
to low expression. The fold change and significance of the differential
expression between tumors and adjacent normal tissue was calculated
using limma [27]. For some miRNAs and mRNAs the differential
expression could not be determined due to low expression. Expression
data from normal tissue was available for 21 cancer types. Cancer cell
dependency datasets were retrieved from the Cancer Dependency Map
(DepMap; https://depmap.org/portal/). A lower gene effect/depend-
ency score means that a cell line is more dependent on the selected gene.
A score of less than —0.5 indicates a strong dependency and a score of
less than —1 suggests essentiality. In miRTARGET, a significant de-
pendency on a specific gene is considered if at least 10 % of cell lines of a
cancer type exhibit a dependency score of less than —0.5 for that gene.

The CRISPR and RNAI indicates whether the data is based on CRISPR
(Chronos) or shRNA (DEMETER?2) screening. Druggability was assessed
based on Jiang et al. [15].

Calculation of miRNA target prediction score

The algorithm for the calculation of miRNA target prediction scores
was adapted from our previous meta-analysis of miR-34 targets, where it
was initially described [28]. The miRNA-related datasets (without
cancer-related datasets) described above were integrated to calculate a
score for every miRNA/mRNA pair in order to estimate the likelihood of
a mRNA to represent a potential miRNA target. First, partial scores were
calculated for each dataset type. For datasets generated after ectopic
miRNA expression the score was calculated as the number of datasets in
which the mRNA expression was repressed by >1.25-fold divided by the
total number of datasets and multiplied by 100. Many datasets are based
on experiments that were performed in unicates (no replicates) and
therefore, it was not possible to calculate p-values in order to choose a
cutoff based on significance. The fold change of 1.25 was chosen because
we consider a decrease of mRNA levels by >25 % as biologically rele-
vant. For miRNA knockout/knockdown datasets the score was calcu-
lated as the number of datasets in which the mRNA expression was
induced >1.25-fold, divided by the total number of datasets and
multiplied by 100. The TCGA mRNA/miRNA correlation score was
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calculated as the number of datasets/cancer types in which the
mRNA/miRNA Pearson correlation coefficient is lower than —0.1
divided by the total number of datasets/cancer types and multiplied by
100. For miRNA target prediction tools/algorithms datasets, the score
was calculated by dividing the number of prediction tools predicting a
mRNA as a miRNA target by the total number of prediction tools (10)
multiplied by 100. The maximum possible partial score for each dataset
type is therefore 100. All partial scores were added together with all
dataset types weigh equally to obtain the miRNA probability score. The
score was divided by 4 in order to designate the maximum possible score

to 100. miRTARGET prediction score =
no. of ectopic miRNA datasets (FC<0.8) 4
( no. of all ecotpic miRNA datasets 100 +

no. of miRNA knockout datasets (FC>1.25) *100 +
no. of all miRNA knockout datasets

no. of mRNA /miRNA correlation datasets (r<—0.1) *100 +
no. of allmRNA /miRNA correlation datasets

no. of miRNA prediction algorithms (predicted target) . 100) / 4
no. of allmiRNA prediction algorithms

For miRNAs for which no datasets with ectopic miRNA or miRNA
knockout were available, the score was calculated by adding the partial
scores from correlation datasets and datasets from prediction algorithms
and divided by two.

Benchmarking of miRNA target prediction scores

First, we searched the miRTarBase 10.0 [18] for miRNAs with at least
10 targets that were experimentally validated by luciferase 3-UTR re-
porter assays. For each of these miRNAs, a ranked GSEA analysis was
performed by using the fgsea R package to test the enrichment of vali-
dated targets in all genes ranked according to the miRTARGET miRNA
prediction score for this miRNA.

Correlations between clinical associations of miRNAs and their targets

The 1000 top ranked miRNA targets according to the miRTARGET
score for every miRNA were extracted. The expression of the top1000
targets for every miRNA was analyzed in tumor and matched normal
tissue in TCGA datasets from 21 cancer entities for which expression

Neoplasia 67 (2025) 101202

profiles of normal tissue was available. A score of 1 was designated to
targets that were significantly upregulated in tumors and a score of —1
to targets that were significantly downregulated in tumors. For each
miRNA a tumor/normal miRNA target score was calculated as a SUM of
the scores of all top1000 targets. Hence, a high tumor/normal miRNA
target score for a specific miRNA indicates that the top1000 ranked
targets of that miRNA are predominantly upregulated tumors, whereas a
low tumor/normal miRNA target score indicates that the top1000 tar-
gets are predominantly downregulated in tumors. Similar analyzes were
performed for associations with overall survival. A score of 1 was
designated to targets that were significantly associated with poor sur-
vival and a score of —1 to targets that were significantly associated with
good survival. For each miRNA an overall survival miRNA target score
was calculated as a SUM of the scores of all top1000 targets. Hence, a
high overall survival miRNA target score for a specific miRNA indicates
that the topl000 ranked targets of that miRNA are predominantly
associated with poor survival, whereas a low overall survival miRNA
target score indicates that the top1000 targets are predominantly asso-
ciated with good survival.

Gene set enrichment analysis

The enrichment of miRNA targets in Human Molecular Signatures
Database (MSigDB) collections “Hallmark”, “KEGG”, “GO - Molecular
Function”, and “GO - Cellular Component” is calculated by the enricher
function from the clusterProfiler R package. The enrichment of gene sets
provided by users is calculated by the enricher function from the clus-
terProfiler R package by using the top1000 predicted targets for each
miRNA as the TERM2GENE argument.

miRTARGET webpage

The miRTARGET webpage was designed using the R package shiny
(https://shiny.rstudio.com/).

Data availability

miRTARGET is freely available at https://www.mirtarget.com and
does not require user registration or login.
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