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Abstract

Motivation: MicroRNAs (miRNAs) play a central role in controlling gene expression, and their abnormal activity is
frequently linked to disease. Despite advancements in transcriptomic technologies, elucidating miRNA-mediated
mechanisms remains challenging due to methodological limitations and a lack of standardized frameworks.

Results: To overcome these barriers, we developed MIRit, a comprehensive R package designed for the rigorous analysis
of miRNA-mRNA interactions. With flexible support for both matched and unmatched datasets, MIRit leverages cutting-
edge target identification strategies and applies suitable statistical approaches for each scenario. In this study, we bench-
marked the performance of commonly used statistical tests for integrative miRNA analysis and demonstrated the effec-
tiveness of MIRit across three human disease contexts—dilated cardiomyopathy, clear cell renal cell carcinoma, and
Alzheimer’s disease—by uncovering functionally relevant miRNA-target disruptions consistent with known disease mecha-
nisms. Through its streamlined pipeline and biologically appropriate methods, MIRit enables more reproducible and accu-
rate insights into the complex landscape of post-transcriptional regulation.

Availability and implementation: The tool is fully open-source and freely accessible via Bioconductor (https://bioconduc

tor.org/packages/release/bioc/html/MIRit.html), making it readily available to the broader scientific community.

1 Introduction

MicroRNAs (miRNAs) are a class of small non-coding RNAs with
an average length of 22 nucleotides, whose role is mainly to neg-
atively regulate gene expression at a post-transcriptional stage.
After their biogenesis, they typically promote mRNA degradation
and translation inhibition by interacting with the 3’ untranslated
region (3’ UTR) of target genes (O’Brien et al. 2018). Over the last
few decades, evidence has progressively shown the involvement
of miRNAs in mammalian pathways. Currently, it is estimated
that more than 60% of human genes are controlled by miRNAs
(Friedman et al. 2009). Given their extensive regulatory activity,
unbalanced miRNA expression can have dramatic consequences
on cellular activities, and their dysregulation has been associ-
ated with several diseases (Ardekani and Naeini 2010). In light of
this, there has been a growing interest in the study of miRNAs
with the aim of characterizing the regulatory networks involved
in human disorders. Several approaches exist to quantify miRNA
abundance at the omic level, including microarrays and miRNA-

Seq. Consequently, the determination of differentially expressed
miRNAs (DE-miRNAs) in different biological conditions can be
successfully performed using the same analytical procedures
commonly employed for transcriptomics. However, even after
their quantification, elucidating the biological consequences of
dysregulated miRNAs is highly challenging. The limited func-
tional annotation of miRNAs hinders our understanding of
miRNA-driven mechanisms in complex diseases, likely due to
the ambiguity of miRNA-target gene interactions across cell
types and conditions. One approach to addressing this issue is
to combine miRNA and gene expression levels to evaluate the
impact of each miRNA on the expression of its targets, thereby
reconstructing perturbed molecular networks.

Despite the advantages of integrative analyses, however, cur-
rent approaches are rarely successful or reproducible. In partic-
ular, miRNA-mRNA analyses are dramatically influenced by the
choice of miRNA target genes. In this regard, the use of different
prediction algorithms can drastically affect the results of a
study, thus limiting the reproducibility of the conclusions drawn.
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Furthermore, the statistical methods used to analyze the rela-
tionship between miRNA and gene expression are often inaccu-
rate and unreliable. The most widely used approach at present
is correlation analysis, which quantifies the influence of miRNAs
on the expression of their target genes. However, incorrect im-
plementation often reduces the statistical power to detect
meaningful interactions. Moreover, relying solely on correlation
approaches severely limits the availability of datasets for inte-
grative analyses, as these methods require matched miRNA and
MRNA expression measurements from the same specimens.

In this regard, existing R/Bioconductor packages primarily fo-
cus on the integrative analysis of paired miRNA-mRNA expres-
sion data. While these tools—such as miRLAB (Le et al. 2015),
MiRComb (Vila-Casadesus et al. 2016), anamiR (Wang et al.
2019), mirTarRnaSeq (Movassagh et al. 2022), SpidermiR (Cava
et al. 2017), and TimiRGeN (Patel et al. 2021)—implement di-
verse methods for analyzing regulatory interactions, they do not
currently support the analysis of unpaired datasets.

Besides, almost all approaches suffer from common draw-
backs. Firstly, most methods use a combination of multiple
databases to define miRNA targets, which often results in an un-
reasonably high number of interactions and an inflated rate of
false positive hits. This complicates subsequent analysis by in-
creasing the burden of multiple testing and limiting interpreta-
tion and experimental validation. Secondly, some of the
implemented statistical approaches are not always appropriate
for miRNA and mRNA datasets. For instance, lasso and elastic-
net regularized models should not be used when the number of
miRNAs targeting a gene exceeds the number of samples, which
is often the case for some central hub genes.

To address all these issues and fill these gaps, we developed
MIRit, an open-source, comprehensive and all-in-one R frame-
work that encompasses all the steps required to perform an in-
tegrative miRNA-mRNA analysis. Unlike other tools, MIRit is
designed to work with data from multiple technologies, and
implements statistical approaches that allow the analysis of un-
paired datasets. In this study, we present the implementation of
MIRit, compare the performance of widely used methods for
miRNA-mRNA integration on synthetic datasets, and demon-
strate the utility of MIRit in the context of human disease using
both paired and unpaired datasets.

2 Methods

2.1 Software’s architecture

MIRit is an integrative R framework designed to uncover
dysfunctional miRNA-mRNA regulatory networks in complex dis-
eases by combining expression profiling, functional annotation,
and statistical integration. The pipeline provides a complete
and modular workflow, compatible with both paired and
unpaired datasets, enabling flexible analyses across diverse
transcriptomic platforms.

The workflow begins with differential expression analysis of
miRNAs and mRNAs using established R packages such as limma
(Ritchie et al. 2015), edgeR (Robinson et al. 2010), or DESeq2
(Love et al. 2014), depending on whether the input data are de-
rived from microarrays or RNA sequencing. Users can fully

customize model parameters or import external results, allow-
ing integration of measurements from other omics modalities.
MIRit then performs functional enrichment of dysregulated
genes using over-representation analysis (ORA) (Boyle et al.
2004), gene set enrichment analysis (GSEA) (Subramanian et al.
2005), or CAMERA (Wu and Smyth 2012), supporting major path-
way repositories such as Gene Ontology (GO) (Aleksander et al.
2023), KEGG (Kanehisa and Goto 2000), Reactome (Gillespie
et al. 2022), WikiPathways (Martens et al. 2021), and MSigDB
(Subramanian et al. 2005). Next, MIRit examines potential ge-
netic determinants of miRNA dysregulation by mapping DE-
miRNAs to disease-associated variants obtained from the
NHGRI-EBI GWAS Catalog (Sollis et al. 2023) through the gwasra-
pidd package (Magno and Maia 2020). The tool then retrieves
miRNA targets from both experimentally validated interactions
in miRTarBase (Cui et al. 2025) and predicted interactions aggre-
gated in mirDIP (Hauschild et al. 2023), which combines results
from 24 prediction algorithms using a unified scoring frame-
work. Nevertheless, MIRit is also compatible with custom user-
provided interactions, thereby allowing the use of miRNA-target
interactions defined according to any method of choice. Finally,
MIRit integrates miRNA and mRNA dysregulations to identify
anti-correlated pairs. For paired datasets, it employs non-
parametric correlation analyses, while for unpaired datasets, it
tests directional associations using Fisher’s or Boschloo’s exact
tests—with optional Lancaster’s mid-P correction—or the fry ro-
tation gene set approach (Wu et al. 2010).

By seamlessly combining these analyses, MIRit offers a flexible
and statistically rigorous platform for reconstructing disease-
specific miRNA-mRNA interaction networks. A comprehensive
description of the algorithmic steps and underlying statistical
approaches is provided in Supplementary Text 1.1-1.5,
available as supplementary data at Bioinformatics Advances
online.

2.2 Dilated cardiomyopathy
(DCM) dataset

As a first demonstration of MIRit’s usage in integrative miRNA-
mMRNA analysis, we examined myocardial biopsies from patients
with DCM to reveal etiology-specific miRNA-mRNA interactions.
In particular, we used a paired dataset that is publicly available
on the Gene Expression Omnibus (GEO) database (Clough and
Barrett 2016) under the accession number GSE243406 (Bonet
et al. 2024). This dataset includes miRNA and mRNA expression
measurements from four individuals with volume overload DCM
(VCM) and four individuals with ischemic cardiomyopathy (ICM).
Briefly, differential expression analysis of both miRNAs and
mRNAs was performed using DESeq2. Features with a Storey’s
g-value <0.05 were considered significant. GSEA was con-
ducted on GO biological processes, applying a Benjamini-
Hochberg adjusted P-value <0.1 as the significance threshold.
To identify influential miRNA-target pairs, Spearman’s
correlation was calculated, retaining pairs with p< -0.5 and
adjusted P-value <0.1. A detailed description of the analytical
procedures is provided in Supplementary Text 2, available as
supplementary data at Bioinformatics Advances online.
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2.3 Clear cell renal cell carcinoma
(ccRCC) dataset

The performance of MIRit was also evaluated using a paired
miRNA-mRNA dataset involving individuals diagnosed with
ccRCC. This dataset is available on GEO (accession number
GSE16441) and comprises miRNA and mRNA expression data
from 17 ccRCC samples and 17 adjacent healthy tissues from the
same donors (Liu et al. 2010). Raw microarray intensities were
background-corrected and  quantile-normalized.  Lowly
expressed probes were filtered, and differential expression
analysis of both miRNAs and mRNAs was carried out using
limma. Patient identity was included as a covariate to account
for within-donor correlations. Features with absolute fold-
change >1.5 and Benjamini-Hochberg adjusted P-value <0.05
were considered significant. Spearman’s correlation was then
applied to identify anti-correlated miRNA-target pairs (p < - 0.5
and adjusted P-value <0.1). Finally, ORA of affected target
genes was performed using GO biological processes categories,
with significance set at adjusted P-value <0.1. Further elucida-
tion regarding pre-processing and analysis of this dataset can
be found in Supplementary Text 3, available as supplementary
data at Bioinformatics Advances online.

2.4 Alzheimer’s disease (AD) dataset

In this case study, two datasets involving different donors were
used to demonstrate MIRit’s usage in cases where sample corre-
spondence is missing. Specifically, miRNA expression in the
Brodmann area 9 (BA9) of AD patients was evaluated using a
small RNA-Seq experiment publicly available on GEO (accession
GSE63501) (Santa-Maria et al. 2015). Meanwhile, mRNA expres-
sion in the same Brodmann area was assessed using a microar-
ray experiment by Low et al. (2021), which is also publicly
available on GEO (accession: GSE150696). For the miRNA data-
set, FASTQ files were trimmed, quality-checked, and aligned us-
ing the miRge 3.0 pipeline (Patil and Halushka 2021). DE-miRNAs
were then identified with limma-voom (Law et al. 2014), apply-
ing Storey’s g-value <0.1. For the mRNA dataset, raw microar-
ray intensities were normalized with the robust multi-array
average (RMA) algorithm as implemented in the oligo package
(Carvalho and Irizarry 2010). Lowly expressed genes were dis-
carded, and DEGs were identified using limma (adjusted P-value
< 0.05). Boschloo’s test was applied to detect miRNAs affecting
gene expression (adjusted P-value <0.1). Finally, ORA of targets
of influential miRNAs was performed using GO biological pro-
cesses categories (adjusted P-value <0.1). Further details on
the preliminary processing and examination of these datasets is
provided in Supplementary Text 4, available as supplementary
data at Bioinformatics Advances online.

2.5 Multiple testing correction

To control the false discovery rate (FDR) across multiple com-
parisons, we employed either the Storey’s g-value procedure
(Storey 2002) or the Benjamini-Hochberg (BH) correction,
depending on the characteristics of the data. Storey’s method
was applied when the distribution of P-values under the null hy-
pothesis was approximately uniform, as this approach estimates

the proportion of true null hypotheses (7o) and typically pro-
vides greater statistical power. When this assumption was not
satisfied—indicating potential deviations from uniformity or de-
pendency structures that could bias 7 estimation—we instead
used the more conservative BH correction, which maintains
valid FDR control under broader conditions.

3 Results and discussion

An overview of the MIRit pipeline is presented in Fig. 1, while
a detailed diagram of its computational workflow is shown in
Fig. 1, available as supplementary data at Bioinformatics
Advances online.

3.1 Benchmark of statistical approaches
for integrative miRNA-mRNA analysis

The heterogeneity among available computational frameworks
complicates direct and rigorous performance comparison. In
particular, existing tools differ substantially in their design and
intended use: some require user-provided differential expres-
sion results, whereas others integrate this step internally; some
handle both microarray and RNA-Seq count data, while others
support only a single data type. Moreover, strategies for miRNA-
target retrieval vary widely—from automated database queries
to manual user input. A detailed comparison of existing pack-
ages and their analytical workflows is provided in Table 1, avail-
able as supplementary data at Bioinformatics Advances online.

Given these considerations, we focused our comparison on
the underlying statistical frameworks shared across most tools.
Specifically, we benchmarked several statistical tests applicable
to paired miRNA-mRNA datasets—Pearson’s correlation,
Spearman’s correlation, partial Pearson’s correlation, and par-
tial Spearman’s correlation—and evaluated five complementary
unpaired approaches: Fisher’s exact test, Boschloo’s exact test,
Fisher’s exact test with Lancaster’s mid-P adjustment, fry,
and CAMERA.

To systematically assess their performance, we implemented
a simulation-based benchmarking framework in R. This frame-
work generated realistic paired miRNA-mRNA datasets contain-
ing known anti-correlated regulatory relationships, allowing us
to test both correlation-based (paired) and categorical (un-
paired) analytical strategies. Correlation-based methods were
evaluated for their ability to identify true miRNA-target pairs,
whereas categorical approaches were assessed for detecting
miRNAs influencing gene expression. The full simulation pipeline
was repeated 500 times to obtain robust estimates of perfor-
mance metrics across independent synthetic datasets. Details of
the simulation design and benchmarking procedure are pro-
vided in Supplementary Text 5.1-5.6, available as supplemen-
tary data at Bioinformatics Advances online.

Across simulations, we found that Spearman’s correlation
consistently produced lower correlation coefficients for true
miRNA-target pairs than Pearson’s correlation (Fig. 2A). This
trend was observed for both simple and partial correlation anal-
yses, with a more pronounced effect in the partial correlation
case (Fig. 2A). This finding aligns with previous evidence that
miRNA-target interactions are often better captured by
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Figure 1 The sequential pipeline used by MIRit to integrate miRNA and mRNA expression data. After differential expression analysis, the influence of
miRNAs on gene expression can be evaluated by correlation analysis when matched miRNA and mRNA expression values are available, or by
association and rotation gene set tests when sample-matched measurements are lacking. Finally, MIRit allows the identification of gene sets
enriched in the targets of integrated miRNAs, as well as disease-related miRNA SNPs that may influence DE-miRNAs.

non-linear approaches (Tian et al. 2024). Furthermore, we com-
pared the F1 scores of correlation-based methods and found
that partial Spearman’s correlation achieved a significantly
higher F1 score (0.835+0.071) than partial Pearson’s correlation
(P<0.0001; Fig. 2B). Notably, both partial correlation methods
outperformed  their corresponding simple correlation
approaches, underscoring the benefit of adjusting for group
effects that can give rise to Simpson’s paradox (Simpson 1951)
and inflate false discoveries. This pattern was even more evident
when comparing the area under the precision-recall curve
(AUPRC) across correlation-based strategies (Fig. 2C), where par-
tial correlation consistently yielded higher AUPRC values across
simulations. In particular, Spearman’s correlation achieved the
highest AUPRC among both partial and simple correlation set-
tings (0.963+0.023 and 0.677+0.126, respectively), significantly
exceeding that of Pearson’s correlation (P < 0.0001; Fig. 2C). The
average precision-recall curves further illustrate this trend, con-
firming that partial Spearman’s correlation achieved the best
overall performance (Fig. 2D). For the categorical approaches,
one-sided association tests achieved the highest F1 scores, with
Boschloo’s exact test and Fisher’s exact test with mid-P adjust-
ment performing best (0.645+0.126 and 0.646+0.126, respec-
tively; Fig. 2E). Consistent results were observed when
comparing AUPRC values (Fig. 2F).

We also evaluated FDR control across all tested strategies
(Fig. 2A, available as supplementary data at Bioinformatics
Advances online). In this analysis, one-sided association tests
and partial correlation methods effectively maintained type | er-
ror rates at the nominal level, as indicated by the dashed line.

The complete results of our benchmarking analysis are
summarized in Table 2, available as supplementary data at
Bioinformatics Advances online.

Given the superior performance of partial correlation analy-
ses, we next assessed how their power depends on sample size.
To this end, we repeated the benchmark using increasing sam-
ple sizes and monitored changes in F1 scores (Supplementary
Text 5.7, available as supplementary data at Bioinformatics
Advances online). As shown in Fig. 2B, available as supplemen-
tary data at Bioinformatics Advances online, partial correlation
methods performed poorly at low sample sizes but improved
markedly as the number of samples increased, reaching perfor-
mance comparable to simple correlation analyses at around 25
samples per group. In contrast, the F1 scores of simple correla-
tion methods remained relatively stable across sample sizes.

3.2 MiRNA-mRNA circuit profiling in DCM

DCM is a myocardial disease characterized by dilation and im-
paired systolic function of one or both ventricles, leading to
heart failure symptoms such as dyspnea and fatigue. The etiol-
ogy of the condition may be primary, attributable to genetic, in-
flammatory, or idiopathic conditions, or secondary to
identifiable injuries to the myocardium. In this regard, ischemic
DCM (ICM) and volume overload DCM (VCM) are two of the most
common etiologies of the dilated-ventricle phenotype that
defines DCM. Specifically, ICM refers to ventricular dilation and
systolic dysfunction resulting from chronic myocardial ischemia
or infarction due to coronary artery disease. Conversely, VCM
arises when chronic high preload, often due to valvular
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****P < 0.0001.

regurgitation, leads to eccentric hypertrophy, chamber dilation,
and eventual systolic dysfunction resembling the DCM pheno-
type (Bonet et al. 2024).

In this initial case study, MIRit was employed to disentangle
the miRNA regulatory networks that are active in VCM and ICM
samples to identify the interactions specific to each etiology. To
this end, we used a paired miRNA-Seq and RNA-Seq experiment
from Bonet et al. (2024) of myocardial samples from 4 patients
with VCM and 4 patients with ICM. After data pre-processing, dif-
ferential expression analysis was performed separately for genes
and miRNAs. As a result, 203 DEGs and 5 DE-miRNAs were identi-
fied (Storey’s g < 0.05, Fig. 3A and B) between VCM and ICM sam-
ples. Next, GSEA was performed to investigate the functional
differences between the two etiologies. As demonstrated in
Fig. 3C, VCM samples had a higher expression of genes impli-
cated in extracellular matrix organization, mitochondrial respi-
ration, and blood pressure regulation. In contrast, a negative
enrichment of pathways associated with immune response,
stem cell function, and heart development was observed, sug-
gesting that these pathways may be more active in ICM.
Subsequently, we used MIRit to identify the miRNA-target pairs

that were significantly anti-correlated. Following this analysis,
we identified 27 interactions with a Spearman’s correlation coef-
ficient p< —0.5 and a Benjamini-Hochberg adjusted P-value of
less than 0.1 (Table 3, available as supplementary data at
Bioinformatics Advances online). A miRNA-mRNA network with
the most influential interactions (p < —0.75) is presented in
Fig. 3D. Among the group of influential miRNAs that demon-
strate differential activity in VCM and ICM subjects, miR-218-5p
exhibits the highest number of anti-correlated targets, including
DDX6, SEMA4A, TTC39C, and NUP210 (Fig. 3E-H). Interestingly,
the differential expression of miR-218-5p and its negative corre-
lation with DDX6, SEMA4A, and TTC39C were experimentally
confirmed by the authors of the study (Bonet et al. 2024).

3.3 Integrative miRNA-mRNA analysis
in ccRCC

The MIRit pipeline was also used to reconstruct the perturbed
miRNA regulatory networks in ccRCC, the most common sub-
type of kidney cancer, accounting for approximately 70%-80%
of cases (Rini et al. 2009). To investigate the role of miRNA
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dysregulation in the pathophysiology of ccRCC, we used a paired
mMiRNA-mRNA experiment in which 17 ¢ccRCC samples and 17
corresponding non-tumor samples from the same subjects were
profiled by microarray technology (Liu et al. 2010). Upon pre-
processing, we observed marked differences between ccRCC
and control samples for both gene and miRNA expression, as
evidenced by the multidimensional scaling (MDS) plots in Fig. 4A
and B. This was further corroborated by differential expression
analysis, which reported 791 DEGs and 50 DE-miRNAs with a
Benjamini-Hochberg adjusted p-value less than 0.05 and an ab-
solute fold-change greater than 1.5 (Fig. 4C and D). Notably,
among the DE-miRNAs, we observed an increased expression of
miR-142-3p (Fig. 4E), which is a known oncogenic miRNA in renal
cell carcinoma (Li et al. 2016) and whose expression is corre-
lated with poor prognosis (Peng et al. 2019, Zhang et al. 2023).
Furthermore, the downregulation of miR-200c was detected
(Fig. 4F). This miRNA acts as a tumor suppressor in ccRCC (Wang
et al. 2015), and its expression is inversely associated with sur-
vival and disease recurrence (Saleeb et al. 2019). In addition, the
overexpression of miR-210 and the downregulation of miR-141

were also identified (Fig. 4G and H). Once again, the upregula-
tion of miR-210 has already been reported in ccRCC specimens
and could be used as a marker of poor prognosis (Samaan et al.
2015). On the other hand, miR-141 is another member of the
miR-200 family that acts as a tumor suppressor in ccRCC due to
its negative regulation on proliferation and migration (Yu et al.
2013, Chen et al. 2014, Liu et al. 2022).

We then used MIRit to identify the miRNA-target interactions
that are perturbed in ccRCC samples relative to healthy tissues.
As a result, we identified 170 anti-correlated miRNA-target pairs
(Spearman’s p< —0.5 and Benjamini-Hochberg adjusted P-
value <0.1; Table 4, available as supplementary data at
Bioinformatics Advances online). In this context, we observed a
strong inverse correlation between miR-142-3p and HOXA7
(Fig. 41), whose reduction in renal cell carcinoma is associated
with poor overall survival (Cui et al. 2020). Furthermore, the ex-
pression of the tissue factor (F3) is negatively correlated with
that of miR-200c (Fig. 4J). The observed overexpression of F3
has already been reported in renal cell carcinoma (Li and Yang
2024), and its expression was an important predictor of survival
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in ccRCC patients (Silva et al. 2014). Moreover, serum levels of
F3 are dramatically reduced in ccRCC patients after surgery
(Silva et al. 2018). Ultimately, a significant anti-correlation was
observed between the expression levels of miR-27a and those of
SLC13A3 (Fig. 4K). This may explain the observed downregula-
tion of SLC13A3, which was experimentally confirmed in an in-
dependent study (Schrodter et al. 2016). A miRNA-mRNA
network with the strongest anti-correlated interactions
(Spearman’s p < —0.7) is presented in Fig. 3A, available as sup-
plementary data at Bioinformatics Advances online. Finally, we
evaluated the functional consequences of miRNA dysregulation
by enrichment analysis of anti-correlated target genes. As evi-
dent in Fig. 3B, available as supplementary data at
Bioinformatics Advances online, the target genes affected by
miRNA dysregulation are highly relevant in the context of ccRCC
pathophysiology. For instance, several target genes are involved
in epithelial development and morphogenesis. Besides, miRNA
dysregulation may induce the downregulation of genes required
for cell-matrix adhesion, thereby promoting invasiveness and
metastasis formation. In addition, the decreased expression of
target genes belonging to kidney-related categories may be
explained by the less differentiated state of ccRCC cells

compared to adjacent healthy tissue. This is further supported
by the depletion of genes involved in sodium and ion absorp-
tion, a phenomenon that has previously been observed in ccRCC
(Zheng et al. 2023).

3.4 Unpaired miRNA-mRNA analysis in AD

In our third case study, we demonstrate MIRit’s capabilities in
evaluating the impact of miRNA dysregulation on the prefrontal
cortex of AD patients. For this study, we used two distinct data-
sets, one that profiled miRNAs and one that profiled mRNAs. To
minimize expression variability and explore network dysregula-
tions specific to AD pathology, we restricted our analysis to
studies focusing solely on the BA9 region. Initially, we generated
MDS plots for the miRNA and mRNA datasets to confirm AD-
related transcriptional variation (Fig. 5A and B). Next, we per-
formed differential expression analysis and identified 2,053
DEGs (Benjamini-Hochberg adjusted P-value < 0.05) and 26 DE-
miRNAs (Storey’s g-value <0.1), as shown in Fig. 5C and D. At
this point, we used the findMirnaSNPs function in MIRit to iden-
tify potential AD-related SNPs within the genomic loci of DE-
miRNAs. As a result, we identified the presence of rs2632516, a
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variant associated with increased AD susceptibility, within the
host gene of miR-142, a previously identified DE-miRNA.
Specifically, this polymorphism is located upstream of the miR-
142 gene on the negative strand (Fig. 5E), and it may play a role
in the transcriptional regulation of this miRNA. In this regard,
Latini et al. (2021) showed that the rs2632516 variant allele is
significantly associated with diminished miR-142 expression in
peripheral blood mononuclear cells from patients with systemic
lupus erythematosus (SLE). This is noteworthy considering that
miR-142 is the second most downregulated miRNA in the BA9 re-
gion of AD patients. However, further research is needed to de-
termine the functional significance of this polymorphism in AD
pathophysiology.

Next, we collected putative miRNA targets and, since this
analysis relied on unpaired datasets, we performed Boschloo’s
exact test to estimate the association between miRNA and
MRNA expression changes. Afterward, we discovered a statisti-
cally significant association between 18 miRNAs and 940 differ-
entially expressed target genes with an FDR-adjusted P-value
below 0.1 (Table 5, available as supplementary data at
Bioinformatics Advances online). This result underscores the sub-
stantial influence of miRNA dysregulation on gene expression

alterations in the prefrontal cortex of AD patients, revealing that
over 45% of DEGs are targeted by at least one DE-miRNA.
Finally, we performed an ORA of the dysregulated target genes
associated with miRNA expression (FDR-adjusted P-value
< 0.05). As illustrated in Fig. 5F, this analysis compellingly dem-
onstrates significant impairment of pathways central to AD pa-
thology, including genes involved in memory, learning, and
cognition—key hallmarks of the disease—highlighted through
the integrative miRNA-mRNA approach. The downregulation of
targets related to glutamatergic and GABAergic neurotransmis-
sion further supports the link to neurodegenerative processes.
This is also reflected by the downregulation of target genes in-
volved in synaptic plasticity, synaptic maintenance, and den-
drite development. Notably, the identified pathways extend
beyond the current literature in this field, emphasizing the po-
tential of the integrative approach to uncover novel mecha-
nisms involved in AD. While these findings are promising,
independent experimental validation would strengthen the con-
clusions, particularly for pathways not yet characterized in pre-
vious studies. Overall, the approach exemplifies the power of
integrative bioinformatics in uncovering disease-relevant path-
ways, fostering hypotheses for future experimental validation.
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4 Conclusion

Since their discovery, significant efforts have been made to char-
acterize and describe miRNAs in pathological conditions.
Although omic technologies grant us the ability to measure var-
iations in the expression of small transcripts, identifying their
roles in disease mechanisms remains an unsolved problem. One
effective way to evaluate the role of miRNAs in biological sys-
tems is to assess their influence on their recognized targets.
However, while this strategy is conceptually sound, current
approaches often rely on outdated and inappropriate proce-
dures that severely limit the identification of disease-related
mechanisms. Furthermore, the paucity of specific frameworks
for integrative miRNA-mRNA analyses results in poorly repro-
ducible conclusions as well as a defective understanding of
miRNA functions. Among the poor practices commonly found in
miRNA research, the use of different prediction algorithms and
the heterogeneity of the criteria used to define predicted targets
produces a wide range of results that are often difficult to repli-
cate. Furthermore, the methodologies often employed to inte-
grate miRNA and mRNA expression levels are not always
appropriate given the non-linear nature of miRNA-target inter-
actions. Finally, the lack of statistical frameworks for integrating
unpaired miRNA and mRNA data dramatically hinders the deri-
vation of biologically meaningful insights from published resour-
ces in which miRNA and mRNA expression have been evaluated
in different cohorts of samples.

In this work, we introduce MIRit, a novel R package that facili-
tates the comprehensive characterization of impaired miRNA-
MRNA networks, ranging from the identification of differentially
expressed features to the reconstruction of perturbed regulatory
networks. With regard to target retrieval, MIRit relies on mirDIP
for obtaining plausible interactions between miRNAs and their
targets based on the aggregation of multiple databases, and on
miRTarBase for defining the collection of experimentally vali-
dated interactions. After identifying target genes, MIRit applies
distinct statistical approaches to uncover dysregulated miRNA-
mMRNA interactions on the basis of available datasets. For paired
data, MIRit defaults to using Spearman’s correlation analysis. In
contrast, for unpaired data, MIRit supports one-sided associa-
tion tests, including the Boschloo’s test, and rotation gene set
tests. Apart from these core functions, MIRit provides convenient
tools for identifying disease-related SNPs that may affect miRNA
expression and for finding enriched categories among target
genes influenced by miRNA dysregulation.

In this study, we evaluated the statistical foundations under-
lying integrative miRNA-mRNA analysis rather than benchmark-
ing entire frameworks, as existing tools differ widely in input
requirements, data types, and often depend on user-selected
external target prediction resources, hindering direct compari-
son. Across 500 simulations, partial correlation methods consis-
tently outperformed simple correlations, with partial
Spearman’s correlation showing the best overall performance
and aligning with the non-linear nature of miRNA-target interac-
tions. Among unpaired approaches, Boschloo’s exact test and
Fisher’s exact test with mid-P adjustment achieved the highest
accuracy, offering practical alternatives when paired data are
unavailable. Both one-sided association tests and partial

correlation methods effectively controlled false discoveries,
while the latter showed reduced power at small sample sizes.

Moreover, we evaluated the performance of the MIRit pipeline
in three mMiRNA-mRNA analyses involving complex human disor-
ders. First, we used MIRit to reveal dysregulated miRNA-target
interactions in DCM. In this regard, MIRit successfully identified
the anti-correlation between the expression of miR-218-5p and
that of DDX6, SEMA4A, and TTC39C, a finding that was experi-
mentally validated by Bonet et al. (2024) through a dual-
luciferase reporter assay. Furthermore, we used MIRit to de-
scribe the miRNA-mRNA interplay in ccRCC development. After
identifying DEGs and DE-miRNAs, MIRit unveiled 170 anti-
correlated pairs, including miR-142-3p/HOXA7, miR-200c/F3, and
miR-27a/SLC13A3. Interestingly, anti-correlated miRNA targets
were enriched in crucial biological processes involved in ccRCC,
including epithelial development, cell adhesion, sodium absorp-
tion, and ion homeostasis. Lastly, we examined the miRNA-tar-
get interactions disrupted in the prefrontal cortex of AD patients
using unpaired miRNA and mRNA expression data. Following the
identification of DEGs and DE-miRNAs, we used Boschloo’s exact
test to determine which target genes were significantly affected
by miRNA dysregulation and to infer which molecular processes
were influenced by miRNAs. This analysis revealed the pivotal
role of miRNAs in orchestrating neurodegenerative processes in
the BA9 region of AD patients, as evidenced by the depletion of
miRNA target genes implicated in neurotransmitter secretion,
synaptic maintenance, synapse organization, memory, and cog-
nition. Nevertheless, the involvement of the selected miRNAs in
AD needs to be validated through functional experiments.

Although MIRit was showcased in DCM, ccRCC, and AD, its de-
sign is broadly applicable beyond these settings. MIRit does not
rely on disease-specific priors but integrates miRNA and mRNA
expression data through a fully data-driven approach. Its capac-
ity to handle both paired and unpaired datasets allows the inte-
gration of heterogeneous data from independent cohorts or
platforms. The consistent performance across diseases with dis-
tinct molecular architectures—solid tumor, neurodegeneration,
and cardiac dysfunction—suggests that MIRit captures funda-
mental principles of miRNA-mediated regulation rather than
context-specific patterns. Therefore, MIRit can be readily applied
to other biological systems where miRNA-mRNA relationships
are of interest. Future work may extend its scope to single-cell,
time-series, or multi-omics data to further enhance its generaliz-
ability and biological interpretability.

In conclusion, we demonstrated that MIRit can be a valuable
tool for researchers investigating the effects of miRNAs on gene
expression by leveraging accurate resources and appropriate
statistical methodologies. MIRit is entirely open source and has
been made freely available on Bioconductor.
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