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Results Here, we present MUUMI, an R package that unifies statistical meta-analysis
and network-based omics data integration within a single analytical framework.
MUUMI allows the identification of robust molecular signatures through multiple
meta-analytical methods, inference and analysis of molecular interactomes and the
integration of multiple omics layers through similarity network fusion. We demonstrate
the functionalities of MUUMI by presenting two case studies in which we analysed (1)
17 transcriptomic datasets on idiopathic pulmonary fibrosis (IPF) from both microarray
and RNA-Seq platforms and (2) multi-omics data of THP-1 macrophages exposed to
different polarising stimuli. In both examples, MUUMI revealed biologically coherent
signatures, underscoring its value in elucidating complex biological processes.

Conclusions MUUMI leverages omics data meta-analysis, integration and
interpretation that implements both traditional and network-based approaches to
unleash the power of multi-study datasets. Statistical and network-based approaches
are integrated in a unique framework, allowing the user to derive robust and
biologically meaningful results from different studies and datasets. MUUMI is an open-
source package and is freely available at https://github.com/fhaive/muumi.
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Background

Omics data integration has long posed substantial challenges, including substantial
variability in data quality, lack of standardization, and the inherent heterogeneity of
platforms and data formats. These issues can introduce noise, bias, and limited interop-
erability, complicating efforts to combine results across multiple studies. Remarkable
efforts have been carried out in order to make omics data more integrable [1]. Neverthe-
less, methods for interpreting integrated omics data remain scattered, and the research
community still lacks a comprehensive resource that unifies both data integration and
downstream interpretation.

Statistical meta-analysis has for long represented a crucial method to extrapolate
evidence through the integration of independent studies addressing the same research
question, aiming to generate a quantitative estimate of the phenomenon under consid-
eration. Meta-analysis can be performed at the aggregate data (AD) level, pooling sum-
mary statistics for each study or at the individual participant data (IPD) level, integrating
raw data for each participant. While IPD meta-analyses are often considered ideal, prac-
tical limitations such as data availability, intellectual property constraints, and high costs
continue to make AD-based meta-analysis the most widely adopted approach [2]. Net-
work science provides a complementary and increasingly popular framework for deci-
phering the intricate relationships among genes, proteins, or metabolites in complex
biological systems [3]. The inference of these molecular interactomes finds diverse appli-
cations, including biomarker discovery, patient stratification, and druggability assess-
ment. By shifting the focus from individual molecular entities to broader connectivity
patterns, network-based approaches can reveal functional modules, regulatory relation-
ships, and disease-associated sub-networks that may be overlooked by traditional meth-
ods. While network modelling has been widely utilised to integrate multi-view biological
datasets [1], its potential in supporting and complementing traditional meta-analytical
approaches has not yet fully exploited.

In this study, we developed MUUM]I, an R package designed to streamline omics data
integration and interpretation through both statistical and network-based meta-analysis.
MUUMI combines multiple meta-analysis techniques within a unified pipeline, comple-
mented by tools for network inference, community detection, and functional annota-
tion. Moreover, it supports multi-omics data integration through Similarity Network
Fusion [1], extrapolating molecular signals across distinct omics layers. We showcase the
functionalities of MUUMI in two case studies: [1] a single-omics, multi-study integrative
analysis of idiopathic pulmonary fibrosis (IPF) datasets, and [2] a multi-omics dataset
investigating macrophage polarization. MUUMI’s R functions are made publicly avail-
able and the users can build a completely tailored pipeline, by adapting it to the specific
biological problem under investigation.

Implementation

MUUMI proposes a toolbox that integrates innovative methods in each of its compo-
nents. First, we combined different meta-analytical approaches in an ensemble method
for the extrapolation of robust molecular signatures from omics data of the same type.
Second, we developed a novel data-driven feature selection method to prioritise biologi-
cally meaningful features obtained from the meta-analysis. Third, the toolbox incorpo-
rates an effective method for mitigating batch effects that typically arise from integrating
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datasets originating from different studies. Fourth, we provide an extensive suite of func-
tions for the inference, manipulation, analysis, and interpretation of molecular interac-
tomes. Overall, MUUMI seamlessly integrates both early- and late-stage data integration
techniques within a unified framework. It addresses both horizontal and vertical integra-
tion challenges while optimizing performance by minimizing technical noise introduced
through cross-study dataset integration.

The MUUMI package comprises four main modules. Module 1 focuses on statisti-
cal meta-analysis, allowing the user to pool differential analysis results from multiple
independent studies addressing the same biological question. It produces a ranked list
of molecular entities (e.g., genes, proteins, etc.) by integrating three distinct meta-ana-
lytical approaches: effect size, p-value-based, and rank product. The functions to run
the meta-analysis with such methods are calc_effect_size_rank, calc_pvalue_based_rank
and calc_rank_base_rank, respectively. The effect size method accounts for both within-
and between-study variability [4], while Fisher’s sum of logs method aggregates p-values
from multiple independent studies [5]. Rank product, on the other hand, is a non-para-
metric statistical approach that merges differential analysis outcomes from individual
studies based on within-study ranking of molecular entities; these ranks are then com-
bined via a one-class analysis of the rank-product statistic [6], [7]. Beyond these indi-
vidual methods, MUUMI provides the opportunity to run an ensemble of these methods
to increase the robustness, comprehensiveness, statistical power, and reproducibility of
the analysis through the function run_ensembl_metanalysis. Integrating rank informa-
tion from the three methods by performing the ensemble meta-analysis offers several
benefits. Using multiple methods can increase the statistical power of the analysis, pro-
viding robustness to the results. Moreover, by utilizing this approach, it is possible to
identify genes that are genuinely associated with the phenotype of interest, increasing
the confidence of their biological relevance and the reproducibility of the results. Mod-
ule 1 also includes a newly developed feature selection function that derives a thresh-
old for the meta-analysis rank based on the biological significance of molecular entities.
This is accomplished through a Gene Set Enrichment Analysis (GSEA)-based approach,
which calculates enrichment scores of ranked entities over pathway-specific gene sets.
The resulting threshold provides a biologically informed cutoff for selecting features for
downstream analyses. The functions implemented in MUUMI to perform the GSEA
analysis and the subsequent threshold computation are compute_gsea and compute_
gsea_thresh, respectively.

Module 2 is dedicated to network analysis and inference. Since omics datasets com-
monly originate from multiple sources and experimental platforms, batch effects can
hide genuine biological signals. MUUMI addresses this challenge with a function named
multi_studies_adjust, that aggregates, scales, and mitigates batch effects, producing an
integrated matrix for use in further analyses, such as network inference. Subsequently,
users can infer robust biological networks using an ensemble of methods [8]. In detail,
we developed the calculate_correlation_matrix function, which can be used to compute
the correlation between genes based on their previously adjusted expression levels. The
function calculates the dependence between such gene expression levels by computing
parametric, non-parametric and mutual information measures, starting from a gene
expression table as an input. The calculate_correlation_matrix function is used to com-
bine information from different methods that analyze gene expression or other omics
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data to create a robust molecular network deriving from an ensemble of methods. Such
a network is inferred by ranking the relationships between genes based on their impor-
tance or strength. Various analyses can then be performed on these inferred networks,
including community detection via walktrap, louvain, spinglass, or the greedy algorithm
through the get_modules function, as well as module-specific functional annotation and
visualization by using the get_reactome_from_modules function.

Module 3 facilitates single-omics data integration derived from diverse platforms and
technologies (e.g., RNA-Seq and microarray data). This module enables the aggregation
of networks obtained from different single-omics views. Each omic dataset undergoes its
own single-omic network analysis workflow, producing modality-specific modules. To
aggregate these modules across omics, MUUMI constructs an aggregated membership
matrix, where rows represent genes measured across views and columns represent mod-
ules identified in individual omics. Non-negative Matrix Factorization (NMF[9]) is then
applied to this matrix through the function aggregate communities to uncover latent
factors that define meta-modules spanning multiple omics [10]. This decomposition
enables the assessment of gene membership in integrated modules, the contribution of
each original module to meta-modules, and the relative influence of entire modalities.
In fact, MUUMI quantifies the relative contributions of each dataset to the aggregated
communities derived from the NMF process through the function compute_view_con-
tributions. Such a function groups the input communities by dataset origin, computes
the contribution of each dataset to each aggregated community, and normalizes these
contributions to account for total community weights. This step provides insights into
how much each dataset informs the overall aggregation.

By operating on network memberships rather than raw measurements, this approach
sidesteps issues related to heterogeneous data distributions and measurement platforms,
while remaining computationally efficient and easily parallelisable. However, it primarily
captures global similarities between single-omic modules and does not account for con-
nectivity patterns across networks.

Finally, Module 4 extends the integration paradigm to a multi-omics setting through
the Similarity Network Fusion (SNF) algorithm [1]. We have built a SNF-wrapper func-
tion named suf_based_integration that constructs a similarity network for each omics
layer (e.g., transcriptomics, proteomics, epigenomics) and iteratively fuses these into a
single consensus network. This unified representation highlights relationships consistent
across multiple data types. The rationale for embedding SNF in our framework lies in
the integrability of its results with other functionalities of MUUMI. SNF infers a simi-
larity network for each layer of omics data, and fusing them in order to obtain a fused
similarity network that recapitulates the molecular make-up of the biological system
under study. The fused network is ready for downstream analyses, such as community
detection followed by functional annotation, topological analyses, Edge Set Enrichment
Analysis (ESEA).

Therefore, to further assist in the interpretation and visualization of constructed
networks, this final module also supports overrepresentation analysis (ORA) on net-
work communities and a topological enrichment approach based on Edge Set Enrich-
ment Analysis (ESEA) through the function compute_esea. Results can be visualized
at both the individual and comparative levels for single or multiple networks, facilitat-
ing a deeper understanding of complex molecular interactions and enriched functional
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pathways. Figure 1 shows the functionalities of the MUUMI package. Detailed infor-
mation about the implementation and functions included in MUUMI can be found in

Additional file 1.

Results

Case Study 1: Meta-analysis and network integration of transcriptomics data reveal

molecular determinants of idiopathic pulmonary fibrosis

Experimental setup and data used

To showcase the functionalities of MUUMI, we performed a case study on idiopathic
pulmonary fibrosis (IPF) by analysing samples deriving from the integration of 17 pre-
processed and harmonized public transcriptomics datasets. Among all the included
datasets, 11 derive from RNA sequencing (RNA-Seq) while 6 from microarray experi-
ments (Table 1). The collected data include both fibrotic lung biopsy samples of IPF
patients and biopsy samples of healthy individuals. Datasets are made publicly avail-
able in Zenodo (https://zenodo.org/doi/https://doi.org/10.5281/zenodo0.10692128). We
employed ESPERANTO, a R/Shiny application, to efficiently curate and harmonize
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Table 1 Publicly available transcriptomics datasets included in the case study

Repository GEO data-  Platform Citation Number  Number
setID of IPF of healthy
samples  samples
NCBI Gene Expression Omnibus ~ GSE150910  lllumina NovaSeq [12] 103 103
(GEO) 6000
NCBI Gene Expression Omnibus ~ GSE213001  Illumina HiSeq [13] 62 41
(GEO) 3000
NCBI Gene Expression Omnibus ~ GSE124685  lon Torrent Proton  [14] 49 35
(GEO)
NCBI Gene Expression Omnibus ~ GSE199949  [llumina HiSeq [15] 26 16
(GEO) 4000
NCBI Gene Expression Omnibus ~ GSE92592 lllumina HiSeq 6] 20 19
(GEO) 2000
NCBI Gene Expression Omnibus ~ GSE199152  Illumina HiSeq Unpublished 20 4
(GEO) 2500
NCBI Gene Expression Omnibus ~ GSE53845  Agilent-014850 [17] 40 8
(GEO) 4x44 K G4112F
NCBI Gene Expression Omnibus ~ GSE166036  Illumina HiSeq 18] 10 4
(GEO) 4000
NCBI Gene Expression Omnibus ~ GSE184316  lon Torrent Proton  Unpublished 40 24
(GEO)
NCBI Gene Expression Omnibus ~ GSE110147  Affymetrix 1.0ST ~ [19] 22 11
(GEO) Array
NCBI Gene Expression Omnibus ~ GSE21369  Affymetrix U133 [20] 1 6
(GEO) Plus 2.0
NCBI Gene Expression Omnibus ~ GSE24206  Affymetrix U133 21] 17 6
(GEO) Plus 2.0 Array
NCBI Gene Expression Omnibus ~ GSE72073  Affymetrix [22] 5 3
(GEO) Transcriptome
Array 2.0
NCBI Gene Expression Omnibus ~ GSE169500  lon Torrent PGM  [23] 20 10
(GEO)
NCBI Gene Expression Omnibus ~ GSE99621 lllumina HiSeq [24] 18 8
(GEO) 2500
NCBI Gene Expression Omnibus ~ GSE10667  Agilent-014850 [25] 31 15
(GEO) 4x44 KGA112F
NCBI Gene Expression Omnibus ~ GSE138283  Illumina NextSeq  [26] 12 5
(GEO) 550

metadata using its semi-supervised approach, streamlining the metadata curation pro-
cess [11]. This case study aims to perform the integration of single omics datasets and
carry out both statistical and network-based meta-analysis. The resulting data can then
be utilised to uncover molecular vulnerabilities and dysregulated biological processes
underlying the IPF phenotype.

Phenotypic and molecular basis of IPF

IPF is a chronic, progressive, and age-related interstitial lung disease (ILD) that is irre-
versible and typically fatal. IPF has an unknown origin and only a few treatment options
are currently available that are limited in their efficacy [27]. In IPF, progressive formation
of scar tissue in the supportive interstitium of the lungs occurs, causing breathing to
become increasingly difficult [28]. Histopathologically IPF typically exhibits subpleural
and paraseptal fibrosis, honeycombing, and regions of less affected and normal paren-
chyma [27]. The proposed pathogenesis connects IPF to a lung susceptible to aging-
related changes, which is subject to repetitive alveolar injuries triggered by factors such
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as inhaled cigarette smoke, microaspiration, nanomaterials, gastroesophageal reflux,
or viruses [27], [29]. These injuries can lead to type I and type II epithelial cell death.
Following micro-injuries and epithelial cell apoptosis, there is an increased vascular
permeability to proteins like fibrinogen and fibronectin, leading to the formation of a
wound clot. Subsequently, there is migration and proliferation of bronchiolar and alve-
olar epithelial cells, representing a rapid response of the respiratory tissue attempting
self-repair. Abnormally activated epithelial cells release various chemokines, cytokines,
and epidermal growth factors, attracting fibroblasts, immune system cells such as alveo-
lar macrophages, and monocytes that differentiate into macrophages. Moreover, these
cells secrete TGF-B1, promoting epithelial-mesenchymal transition, extracellular matrix
remodeling, and fibroblast differentiation into myofibroblasts. The heterogeneous mac-
rophage population also secretes chemokines and growth factors like TGF-p, inducing
the growth of fibrotic tissue in the extracellular matrix. Positive feedback loops contrib-
ute to the progressive expansion of the fibrotic tissue [30-32].

Identification of robust IPF genes by statistical meta-analysis
For each dataset indicated in Table 1, we conducted differential gene expression analysis
between IPF and healthy samples. For RNA-Seq datasets, gene expression data normali-
sation and differential gene expression analysis were performed using DESeq2 version
1.24.0 [33]. DNA microarray data preprocessing was carried out by using the eUTOPIA
software, which implements the limma package for expression value normalisation and
performed differential gene expression analysis by applying quantile normalisation and
linear model [34, 35]. We adjusted nominal p-values in both RNA-Seq and microarray
datasets by using the Benjamini & Hochberg method [36]. In order to identify robust
IPF-associated genes, we integrated the results of the differential expression analysis by
performing a statistical-based meta-analysis utilising the function run_ensembl_meta-
nalysis, whose input consists of adjusted p-values from all the datasets, with gene sym-
bols as row names. All three methods included in our pipeline, namely “effect_size,
“pvalue;” and “rank_product,” were utilized in the ensemble analysis. 10,460 genes were
detected as expressed in RNASeq, while 14,437 in DNA microarray experiments. By
selecting common genes measured by both of the platforms, 9,371 genes were included
in the analysis (representing 89,6% and 65% of all the detected genes, respectively). The
full meta-analysis gene rank is available at https://zenodo.org/records/15019060.
Among the highest-ranked genes, we identified several members of the COL family:
COL3A1, which holds the highest overall ranking in the analysis, along with COL14A1,
COL15A1, and COL1A2 which are also in the top 20. The transcriptional profile of lung
fibroblasts can influence the extracellular matrix (ECM) proteins encoded by these
genes, leading to alterations in the ECM of lungs affected by IPF [37]. Accumulating evi-
dence suggests that the mechanical interactions between fibroblasts and the stiffened
ECM create a feedforward mechanism, contributing to the persistence and progression
of pulmonary fibrosis [38, 39]. A study by Huang, S. et al. 2022 [40] revealed that Aspo-
rin (ASPN) promotes the differentiation of lung myofibroblasts induced by TGE-f by
facilitating Rabl1-dependent recycling of TBRI. ASPN, a member of the small leucine-
rich proteoglycan family known for its crucial roles in tissue injury and regeneration,
is highly expressed in various tumor types and has the capacity to upregulate TGF-f1.
TGF-p induces fibrotic tissue growth in the ECM [41]. Elevated protein levels of MMP7
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have been observed in IPF compared to samples from healthy controls, and it serves as
a predictive biomarker for disease progression in IPF [42]. In individuals affected by IPF,
the expression of matrix metalloproteinases (MMPs) is dysregulated, resulting in sub-
stantial architectural remodeling in the lung microenvironment. MMPs have been con-
sidered potential therapeutic targets for IPF [43]. Yu, G., et al. 2018 [44] found that the
activity and expression of iodothyronine deiodinase 2 (DIO2), was higher in the lungs of
patients with IPF compared to control individuals and correlated with disease severity.
Based on these findings, we can confirm that the genes ranked by the run_ensembl_met-
analysis function hold biological relevance in IPF, indicating the efficacy of our approach
in prioritizing genes resulting from differential analysis of multiple omics datasets.

Identification of functionally relevant genes and pathways derived from statistical-based
meta-analysis

We performed Gene Set Enrichment Analysis (GSEA) utilizing the function compute_
gsea. The background gene universe utilised for this analysis is the entire ranked gene
list that was obtained from the meta-analysis, composed of 9,371 genes. Reactome path-
ways from the Molecular Signatures Database (MSigDB) [45] C2 collection were used.
To ensure meaningful results, the minimum pathway size was set to 10 genes and the
number of permutations to 100,000. The 15 most enriched pathways are represented in
Table 2.

The compute_gsea_thresh function computes a threshold for the statistical meta-analy-
sis gene rank based on the GSEA enrichment score. In this case study, the threshold was
set to the top 2860 genes out of 9371 genes.

The GSEA analysis results of MUUMI (Table 2) successfully identified significant
functional pathways associated with IPF. Notably, pathways related to ECM remodeling
were found to be significantly enriched among the ranked genes in the meta-analysis.

Table 2 Top 15 enriched reactome pathways in GSEA analysis

Pathway p-val p-adj ES NES nMoreExtreme Size
Extracellular matrix organization 1.00E-05 0.003423 0458414 1683331 0 185
Regulation of insulin like growth 1.00E-05 0.003423 0.502973 1.716711 0 64

factor IGF transport and uptake by
insulin like growth factor binding
proteins IGFBPs

Collagen degradation 1.00E-05 0.003423 0587627 1.894219 0 37

Assembly of collagen fibrils and other  2.00E-05 0.005132 0.537653 1.763733 1 43

multimeric structures

ECM proteoglycans 4.00E-05 0.007379 0512437 1704437 3 49

Collagen biosynthesis and modifying ~ 5.00E-05 0.007379 0527783 1.731356 4 43

enzymes

Molecules associated with elastic 5.03E-05 0.007379 0633992 1930158 4 24

fibres

Degradation of the extracellular 7.00E-05 0.00802 0454145 158119 6 81

matrix

Collagen chain trimerization 7.03E-05 0.00802 0.603954 1.860309 6 26

Reactome collagen 8.00E-05 0.008208 0482114 1.63859 7 61

Formation

Metabolism of steroids 9.00E-05 0.008394 0449728 1573069 8 86

Integrin cell surface interactions 1.10E-04  0.009405 0489075 1.642485 10 54

Elastic fibre formation 1.60E-04 0.012312 0.565026 1.774937 15 30

Class A1 rhodopsin like receptors 1.70E-04 0.012312 0438244 1536992 16 89
1

GPRC ligand binding 1.80E-04 0.012312 0405372 1454706 17 124
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This emphasizes the prevalent occurrence of ECM remodeling in lung diseases such
as IPF [46, 47]. “Extracellular Matrix Organization” and “Collagen Formation” path-
ways highlight the structural aspects of the ECM, emphasizing the importance of col-
lagen assembly and fibrillogenesis in the pathogenesis of IPF. Additionally, pathways
such as “Collagen Degradation” and “Degradation of The Extracellular Matrix” imply
dysregulation in the turnover of ECM components, possibly contributing to fibrotic
changes observed in IPE. Pathways like “Regulation of Insulin-Like Growth Factor
IGF Transport” and “Integrin Cell Surface Interactions” suggest potential connections
between growth factor signaling and cellular adhesion, emphasizing the complex inter-
play between signaling pathways and fibrotic processes. Moreover, pathways related to
elastic fibers and G protein-coupled receptor (GPCR) ligand binding shed light on the
involvement of these structural and signaling elements in the context of IPF pathology.
The enrichment of pathways associated with metabolism, such as “Metabolism of Ste-
roids,” suggests a broader impact on cellular homeostasis. The results of the GSEA analy-
sis demonstrate that MUUMI is capable of recapitulating biologically relevant pathways
based on the statistical meta-analysis.

Mitigation of technical effects prior multi-study data integration

Technical nuisance can heavily affect the results of omics data, leading to artifacts in
the results and their interpretation. Such a phenomenon is known as batch effect. Batch
effect can derive from protocols, reagents, equipment, laboratory conditions, sam-
ple collection, storage, preparation methods, time, and so forth. Therefore, since gene
expression datasets utilised in our case study derive from different studies, it is essen-
tial to mitigate the batch effect before carrying out subsequent integrative analyses, such
as inferring network relationships [48]. To carry out batch adjustment, considering the
diverse origins of the gene expression datasets, it was essential to carry out the dataset
integration separately for DNA microarray and RNA-Seq datasets. The batch adjustment
was carried out with the multi_studies_adjust function which takes as an input the inte-
grated expression matrix, the sample labels, and the batch labels. The embedded func-
tionality to carry out batch adjustment in the multi_studies_adjust utilizes the pamr.
batchadjust from the pamr package [49]. Figure 2 shows the outcome of the batch effect
adjustment on both RNA-Sequencing (A) and DNA microarray (B) datasets.

Integrated datasets for network-based meta-analysis

Subsequently, we aimed to investigate co-expression patterns of the genes obtained from
the meta-analysis. To do so, we inferred gene co-expression network models from IPF
samples and healthy counterparts profiled through RNA-Seq datasets. The networks
were constructed separately for IPF and healthy conditions to enable differential net-
work analysis and comparative investigation. This approach is essential for identifying
disease-specific interactions and biological processes. To infer the networks from the
normalised and batch-adjusted read count matrices, we performed the following analyti-

cal steps:

1. Weutilised theget_ranked_consensus_matrixfunction to compute pairwise correlation
measures between genes, based on their expression levels for both disease and healthy
samples independently. In this case study, we computed Pearson correlation to build a
squared adjacency matrix where values represent network’s edge weights.
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Fig. 2 Panel A: PCA plots represent RNA-Seq samples both before and after batch correction. Panel B: PCA plots
represent microarray samples before and after batch correction. In both panels, the data points are coloured ac-
cording to the dataset of origin (batch labels), while the shape indicates the sample type

2. Therefore, we set CLR as a network inference algorithm. For each gene, CLR then
models the empirical distribution of its Pearson correlation values with all other genes
and converts each pairwise correlation score into a z-score relative to the gene-specific
background distribution. These z-scores capture how unusual a particular association
is for each gene, given its overall variability and propensity for broad correlations. CLR
integrates the z-scores from both genes in a pair into a single confidence score. Edges
with high combined scores are interpreted as biologically meaningful interactions.
This procedure aims to suppress non-specific correlations.

3. Subsequently, we completed the network inference through the parse_edge_rank_
matrix function, which (1) ranks edges based on their confidence score and (2)
systematically adds edges to the graph from the top of the rank until all the nodes of
the network are connected. The output of this function is a binary squared matrix,
where 1 indicates the presence of an edge between two nodes while 0 indicates that
no edge is present between two nodes.

4. We converted the binary adjacency matrix to an igraph object using the get iGraph
function. The number of vertices and edges in each network are reported in Table 3.
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Table 3 Number of modules, vertices, and edges in RNA-Seq and microarray networks

Network Communities Vertices Edges
RNA-Seq disease samples 6 10,460 899,649
RNA-Seq healthy samples 8 10,460 1,373,581
Microarray disease samples 17 14,437 612,359
Microarray healthy samples 6 14,437 572,961
Batch-adjusted CLR: Pearson Edge ranking and Binary adjacency igraph object
count matrix correlation selection matrix

g1 92 93 Gn 91 92 Gz Gn
91 grlol1|0]|1
gz g|1]of1|1] —
o gs 1|00
o g ol1|1]0
L I 1 ] L
get_ranked_consensus_matrix() parse_edge_rank_matrix() get_igraph()

Fig.3 Analytical steps performed to infer gene coexpression networks through the use of MUUMI's functions

The general pipeline to infer coexpression networks through the use of MUUMI’s

functions is outlined in Fig. 3.

Functional characterisation of the networks

Community detection for each network was performed using the get_modules function,
which implements the walktrap [50], spinglass [51, 52], louvain [53] and the greedy algo-
rithm [54]. Walktrap detects communities by assessing how short random walks propa-
gate through the network structure. Nodes that are repeatedly visited together by these
walks are considered structurally similar and are merged through hierarchical agglomer-
ation, producing a dendrogram that reveals a community structure. This makes walktrap
well suited for detecting fine-grained or nested modules and for capturing local interac-
tion patterns. In contrast, Louvain aims to find a single partition that maximizes modu-
larity, a global criterion that favors coarser communities and may overlook smaller but
biologically meaningful clusters. Louvain is computationally efficient for very large net-
works, but its stochastic optimization can yield different results across runs and it does
not produce a hierarchical decomposition. Spinglass methods model community detec-
tion by resembling an energy-minimization problem from statistical physics, allowing
flexible partitioning but requiring intensive computation and careful parameter tuning,
which makes it more suitable for small-to-medium sized networks. The greedy algo-
rithm, by contrast, begins with each node in its own community and repeatedly merges
the pair of communities that produces the greatest immediate gain in a global quality
score. This greedy strategy is computationally efficient and performs well on large, sparse
networks, but its reliance on locally optimal merges can cause it to overlook smaller or
hierarchically nested communities. Given the size of the networks under investigation in
this study and the need to characterize well defined and biologically relevant local struc-
tures, we here employed the walktrap algorithm. The number of communities in each
network is shown in Table 3. In biological networks, communities represent functionally
distinct, cohesive clusters of genes, working in a coordinated fashion in order to carry
out a specific cellular function. Therefore, we conducted a functional annotation of each
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of the detected communities deriving from disease and healthy samples by using the get_
reactome_from_modules function to identify significantly enriched biological pathways.
To aggregate and visualize the pathway enrichment results of each community, we used
the function get bubble plot_from_pathways to get a general visualisation of the overall
functional properties of each of the analysed networks. The results of this analysis are
displayed in Fig. 4.

The network derived from the meta-analysis of RNA-sequencing data includes sev-
eral gene communities associated with disease phenotype. One of the primary disease-
associated communities involves antigen presentation and processing, emphasizing the
role of immune system activation in fibrosis [55]. Also, immunoregulatory interactions
between a Lymphoid and a non-Lymphoid cell Reactome pathway were significantly
enriched in community two of the disease network. Different chemokines are connected
to the occurrence of IPF, and an uneven distribution of angiogenic chemokines has been
correlated with vascular remodeling in the condition [55]. Another significant module
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Fig. 4 Bubble plots of significant Reactome pathways in the RNA-Seq disease network A and RNA-Seq healthy
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includes platelet activation, neutrophil degranulation, and extracellular compartment
alterations, suggesting a strong inflammatory response and extracellular matrix remod-
eling, both critical in disease development. The ECM in the lungs consists of collagens,
elastin, glycoproteins, and proteoglycans. These components play a central role in pro-
viding structural support for cells and ensuring the mechanical stability and elastic recoil
essential for normal lung function. In IPF, a characteristic feature is the accumulation of
myofibroblasts in clusters known as fibroblastic foci. This leads to a significant deposi-
tion of ECM within the interstitium, destroying lung architecture [56]. Additionally, cilia
impairment has been identified as a key factor, reinforcing its relevance in various respi-
ratory conditions. The analysis also highlights significant alterations in translation, tran-
scription, and mRNA metabolism, indicating broad regulatory changes at the molecular
level that could contribute to disease-associated gene expression alterations. Further-
more, community five underscores disruptions in cell junction integrity and its links to
the extracellular functions reported in community two.

In contrast, the communities identified in healthy conditions highlight key biologi-
cal processes crucial for homeostasis, including translation, transcription, and mRNA
metabolism. Elastic fibers also emerge as an essential module, emphasizing their role
in tissue elasticity and structural integrity. Notably, the control transcriptional profiles
derive from healthy lungs, which therefore retain the majority of tissue functionalities.
Cilia function remains a key feature in healthy conditions, mirroring its significance in
disease when this function is altered.

Subsequently, we showcase the late integration functionalities of MUUMI by integrat-
ing transcriptomics data deriving from both RNA-Seq and DNA microarrays. First, we
identified the communities in each of the inferred networks for both of the technologies.
We then used the aggregate_communities function to independently aggregate commu-
nities from RNA-Seq and DNA microarray experiments for both disease and healthy
networks. The number of aggregated communities was determined by averaging and
rounding to the nearest integer based on the community counts in the RNA-Seq and
DNA microarray networks (Table 3).

By incorporating DNA microarray data alongside RNA-Seq, the merged meta-anal-
ysis yielded cleaner and more consolidated results. Notably, functional redundancies
observed in RNA-Seq disease communities, such as communities two and five, appear
condensed into a single community, streamlining the interpretation of immune-related
and extracellular processes. Previously unobserved functions, such as the impact
on mitochondria, have now emerged as key elements. This finding aligns with recent
research demonstrating that mitochondrial quality significantly influences pulmonary
fibrosis (PF) progression [57]. Further considerations suggest that mitochondrial func-
tion plays a crucial role in disease progression. The emergence of mitochondrial dys-
function as a significant factor provides a novel perspective on pulmonary fibrosis
pathogenesis. This insight is supported by recent findings highlighting mitochondrial
quality as a key determinant of disease severity. Additionally, interleukin signaling,
particularly IL-4 and IL-13, plays a crucial role in immune regulation and tissue main-
tenance. Furthermore, interferons, CD28, and other interleukins emerge as critical
immune modulators maintaining a healthy physiological state.

Additionally, the role of nonsense-mediated mRNA decay (NMD) has been identi-

fied in community four, implicating various mechanisms of gene expression regulation.



Inkala et al. BMC Bioinformatics (2026) 27:56 Page 14 of 24

NMD serves as a critical surveillance pathway for controlling mRNA quality and abun-
dance. Gene expression deregulation through various epigenetic mechanisms is a known
contributor to idiopathic pulmonary fibrosis (IPF). Interestingly, NMD based approaches
have recently emerged as a therapeutic target in cystic fibrosis.

This functional interpretation offers valuable insights into the biological processes
underlying disease states. The integration of multiple datasets not only refines the
understanding of previously identified functionalities but also reveals novel functional
associations, particularly with mitochondrial dysfunction and RNA surveillance mech-
anisms. Overall, the diverse array of pathways highlights the intricate molecular land-
scape involved in IPF, providing potential targets for therapeutic intervention and a
deeper understanding of the disease mechanisms (Fig. 5).

Finally, we computed the contributions of each of RNA-Seq and microarray tech-
nologies to the inference of the integrated communities. The contribution of each data
source is calculated as the sum of its weights across all genes, normalized by the total
weight for each community. These weights are derived using non-negative matrix fac-
torization (NMF), which integrates gene communities identified in each data source and
condition. Notably, some integrated communities exhibit relatively balanced contribu-
tions from all data sources (e.g., communities 1-7 in the diseased samples and com-
munity 1 in the healthy samples), indicating that these communities are shared across
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Fig. 5 Bubble plots of significant Reactome pathways in the integrated co-expression networks deriving from
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multiple data views. In contrast, the remaining communities show more uneven con-
tributions, suggesting that these integrated communities are uniquely driven by a single
data source (Fig. 6). These findings underscore the strength of this integrative approach
in both consolidating redundant communities across different data modalities and cap-
turing unique, dataset-specific information that would otherwise remain undetected.

Limitations of the study

This study utilised multi-omics profiles obtained from public repositories. The availabil-
ity of clinical data was usually insufficient. The limited detailed clinical information in
many datasets manifests challenges to the predictive capacity of this study. It inhibits our
ability to infer certain clinical parameters for patients with IPF, such as disease sever-
ity, time elapsed since the initial diagnosis, and the anatomical location of the samples.
Additionally, the lack of information concerning the current administration of active
pharmacological therapy to the patients is a noteworthy limitation. The transcriptional
signatures shaping the topology of network models may be impacted by ongoing or ter-
minated pharmacological therapies, potentially interfering with the pharmacological
footprint investigated in this study. Consequently, the lack of comprehensive sample
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characterization restricts the translational potential of this research. The lack of ran-
domization and data FAIRness in many datasets was problematic. The minimum stan-
dards for omics data often result in poor usability due to incomplete characterization
of the experimental design and execution, as well as the lack of description regarding
potential systematic effects caused by reagents, microarrays, and other factors [58].

Case Study 2: Multi-omics network integration uncovers epigenetic and transcriptomic
regulation of macrophage polarization

This case study demonstrates the potential of MUUMI to integrate multi-omics datas-
ets. Integrating multi-omics data is essential to gain a comprehensive understanding of
complex biological systems, as it reveals the intricate regulatory mechanisms operating
across different molecular layers. Combining transcriptomics, epigenomics, proteomics,
and other omics layers provides insights into biological system regulation that single-
omics approaches may overlook [59].

Experimental setup and data used

In this case study, we analyzed publicly available bulk RNA-Seq and DNA methylation
array data previously collected from NCBI Gene Expression Omnibus (GEO), reported
with the GEOID: GSE273628. In this study, Migliaccio et al. [60] explored the regulatory
relationship between DNA methylation and gene expression in macrophages exposed
to different polarization stimuli. Cells were differentiated with 30.9 ng/ml of phorbol
12-myristate 13-acetate (PMA) for 48 h. After PMA differentiation, cells are exposed to
two different cytokines cocktails and fresh media for 24 h, 48 h, and 72 h. In particular,
to simulate a pro-inflammatory environment the cells are exposed to LPS 10 pg/ml and
INFy 20 ng/ml; to induce an anti-inflammatory phenotype instead, the cells are exposed
to IL-13 20 ng/ml and IL-4 20 ng/ml.

To gain a comprehensive understanding of the capabilities of the tool and its poten-
tial to uncover mechanisms underlying molecular responses to different polarization
stimuli, we analyzed the epigenomic and transcriptomic profiles of macrophages stimu-
lated with LPS-INFy and 1L4-IL13. To comply with the findings of Migliaccio et al. 2024,
which emphasize the slower kinetics of DNA methylation compared to transcriptional
changes, we selected the 72-hour time point for our analysis. This timeframe allows for
the detection of more stable epigenetic modifications, including those that may have
originated at earlier time points.

Multi-omics data integration through similarity network fusion

To integrate these datasets, we utilized the suf _based_integration function implemented
in MUUMI. Through our analysis, we generated two fusion networks: one for LPS-
INFy and one for IL4-IL13-treated macrophages. Such networks are completely con-
nected, and each edge represents the similarity values between genes. The similarity
parameter assesses the degree of concordance between the expression patterns of gene
pairs in both the transcriptomic and epigenomic layers. A higher similarity score sug-
gests that the genes in a pair tend to exhibit similar regulatory patterns in both tran-
scriptomics and epigenomics layers. Both of the networks are composed of 12,940 nodes
and 163,443,600 edges. To retain only the most biologically meaningful connections
and make the computation faster, we pruned both of the networks through the function
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prune_snf_network, by setting the 90th percentile as a threshold of significance. The
rationale for setting this pruning threshold is reported in Additional File 2. The pruned
LPS-INFy network encompasses 8,502,486 edges while the IL4-IL13 one 8,500,640
edges.

Subsequently, we ranked the network edges based on their weights and performed
a functional annotation through ESEA (Enrichment Set Enrichment Analysis) using
KEGG pathways. By performing an enrichment analysis on edges with high similarity
scores, we can uncover biological processes that are strongly coordinated at gene expres-
sion and epigenetic level. To identify the most significant biological processes and path-
ways associated with each condition, we performed separate enrichment analysis on the
LPS-INFy and IL4-IL13 networks. The background used in this analysis is composed of
2,087,012 edges divided into 343 edge sets, each representing a biological pathway. To
highlight the biological differences between the two exposures, we report only exposure-
specific enriched pathways (FDR<0.01) in Fig. 7.

Our integrated network analysis of the LPS—IFNy condition reveals a strong correla-
tion of genes involved in T-cell receptor signaling pathways and leukocyte transendo-
thelial migration across the two omics. As expected, these pathways are consistent with
a pro-inflammatory phenotype where LPS and IFNy cooperatively amplify immune-
cell activation and recruitment [61, 62] and it aligns well with previous observations
reported in Migliaccio et al.

Conversely, the enrichment of the cAMP signaling pathway in the IL4—IL13 condition
is consistent with an anti-inflammatory phenotype, as elevated cAMP suppresses NF-kB
activity [63] and limits T-cell proliferation [64], supporting that the observed transcrip-
tional and epigenetic patterns reflect a shift toward an inflammation-resolving state.
Additionally, the enrichment of aldosterone synthesis and secretion pathways, known to
promote extracellular matrix remodeling and fibrosis [65], further supports the interpre-
tation of this phenotype as one that may favor long-term tissue structural repair.

Taken together, these results show that the observed pathway enrichments are driven
by tightly co-correlated gene pairs across both transcriptomic and epigenomic layers.
This high inter-omic correlation provides a coherent and biologically consistent picture
of the inflammatory and anti-inflammatory phenotypes, highlighting pathways that are
reinforced at both epigenetic and transcriptional level. By facilitating network-based
meta-analyses, MUUMI offers a versatile platform that enables researchers to identify
crucial biological pathways, uncover synergistic regulatory effects, and effectively pin-
point key molecular targets. By employing the network analysis features of MUUM]I,
researchers can integrate omics networks, providing valuable insights into gene sets
exhibiting high concordance in all regulatory layers.
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Fig. 7 Results of the edge set enrichment analysis (ESEA) on the multi-omics integrated networks of LPS-INFy-
treated macrophages (panel A) and the IL4-IL13-treated macrophages (panel B) (FDR<0.01)
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Comparison of MUUMI with existing tools

In this study, we compared the functionalities of MUUMI with other similar packages or
web services dedicated to meta-analysis and integration of omics data. We report here a
comparison with 7 tools that belong to the same thematic area of MUUMI. Note that the
list of tools is not comprehensive.

While a plethora of omics data integration tools exist, a unified framework that
encompasses statistical meta-analysis and network integration for diverse omics data
does not exist, yet. Existing tools often lack the flexibility for users to customize ana-
lytical pipelines to suit specific research questions. This limitation stems from restricted
code accessibility, rigid pipelines, and inflexible file formats. Among the investigated
tools, MetaOmics, developed by [66], is the closest to MUUMI in terms of functional-
ity but is limited to transcriptomics. It includes modules like MetaQC (quality control),
MetaDE (differential expression), MetaPath (pathway enrichment), MetaNetwork (co-
expression networks), MetaPredict (predictive modeling), MetaClust (clustering), and
MetaPCA (dimensionality reduction). Despite its comprehensive features, it lacks tools
for topological network analysis and centrality-based gene ranking. We report a more
in-depth benchmark between MUUMI and the MetaDE module of MetaOmics in Addi-
tional file 2.

MixOmics [67] is an R package for multi-omics integration using methods like Prin-
cipal Component Analysis (PCA), Partial Least Squares (PLS), Canonical Correlation
Analysis (CCA), and DIABLO (Data Integration Analysis for Biomarker discovery using
Latent variable approaches for Omics studies). It supports feature selection, classifica-
tion, clustering, and visualization, but doesn’t exploit network topology for biological
interpretation.

Mergeomics [68] enables integration of multi-omics data using pre-existing networks.
It features Marker Dependency Filtering (MDF), Marker Set Enrichment Analysis
(MSEA), Key Driver Analysis (KDA), and drug prediction, useful in systems pharmacol-
ogy. However, it lacks built-in network inference. We carried out a direct comparison of
MUUMI with the Mergeomics KDA module to benchmark their driver extrapolation
capabilities. The results are showed in Additional file 2.

MergeOmics focuses on integrating multidimensional data using a pre-existing net-
work. Its key features include MDF (dependency filtering), MSEA (pathway enrich-
ment), KDA (key driver analysis), and drug prediction capabilities, especially relevant for
drug discovery and repurposing.

IntegrOmics [69] provides tools for integrative analysis of transcriptomics, pro-
teomics, and metabolomics, with a strong emphasis on user-friendly interfaces and visu-
alization. It facilitates tasks like principal component analysis, correlation analysis, and
pathway exploration. However, it focuses more on exploratory data analysis and lacks
deep support for network-based meta-analysis or high-level pipeline customization.

SNFtool (1) integrates multiple types of omics data by constructing sample similar-
ity networks for each data type and fusing them into a single network. This approach
helps identify subtypes or clusters in complex datasets. While powerful for unsupervised
learning, SNFtool is limited to sample-level analysis and does not support functional
interpretation or gene-level network analysis.

The Netmeta package [70] is a R tool designed for network meta-analysis, which
extends traditional meta-analysis by comparing multiple treatments simultaneously
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across a network of studies. Supports frequentist network meta-analysis for compar-
ing treatments, integrating direct and indirect evidence. Though powerful in clinical
meta-analysis, it is not designed for omics data and does not support biological network
interpretation.

MOFA (Multi-Omics Factor Analysis) [71] is a statistical framework designed for the
integration and dimensionality reduction of multi-omics data in an unsupervised fash-
ion. The tool applies Bayesian factor analysis for unsupervised integration and dimen-
sionality reduction of multi-omics data. MOFA has been recently updated with a new
version, named MOFA+ [72]. Compared with MUUMI, MOFA and MOFA +do not
include functions for the inference, analysis and interpretation of molecular networks,
neglecting the importance of the relationships among the molecular entities under
investigation.

Compared with the aforementioned tools, MUUMI balances ease of usage, flexibility
of the pipelines and integration of several algorithms that offer a plethora of function-
alities to the research community. In fact, MUUMI integrates both statistical meta-
analysis with network-based methods for integration of multi-omics data. On one hand,
MUUMI combines well-established statistical meta-analysis techniques (widely used
beyond the omics domain) with innovative strategies for selecting biologically relevant
features. On the other hand, it implements robust tools for the inference and analy-
sis of biological networks to facilitate the interpretation of high-dimensional datasets
at both single- and multi-omics level. Notably, MUUMI is the only tool among those
compared that implements an Edge Set Enrichment Analysis (ESEA), allowing for the
evaluation of the biological relevance of molecular interactions and offering high-res-
olution insights into the topology of network models. This feature, alongside MUUMI’s
capacity to unify different analyses scattered across existing packages and web services,
underlines its novelty and practical value. The four-module architecture of our package
supports a streamlined workflow from statistical meta-analysis, through network infer-
ence and topology-aware annotation, to integration across multiple studies and omics
types. Moreover, MUUMI integrates functionalities for batch effect mitigation, network
module aggregation and annotation, providing a flexible, interpretable, and systems-
level meta-analysis framework for omics data. While many available R packages target
specific elements of the multi-omics integration process, MUUMI uniquely merges
these capabilities into a single, cohesive environment, addressing critical gaps in current
multi-omics meta-analysis platforms. Table 4 summarizes the comparison of tools, high-
lighting the presence or absence of key features for each tool.

Discussion

Despite many methodologies for multi-omics data integration and meta-analysis have
been developed, translating these efforts into biologically meaningful, mechanistic
insights remains challenging. Existing softwares focus on isolated aspects of meta-
analysis, disregarding the power of network-based approaches to give an holistic view
of the biological system or condition under investigation. Other tools provide complex
network-based methodologies, but lack functions to aid a robust interpretation of the
results. These limitations collectively hinder the exploitation of omics data integration to
generate actionable biological insights.
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Table 4 Comparison of MUUMI with other similar tools

Package MetaOmics mixOmics ~ MergeOmics IntregrOmics SNFtool Netmeta ~ MOFA/MOFA+ MUUMI
Platform R shiny R package Rpackage R package R package R package Rpackage R package
Data preprocessing v
Quality control v
Differential expression analysis v
Batch effect mitigation v v v
Dimensionality reduction v v v v v
Gene-level meta-analysis v v v
Single omics integration v v v v v v v
Multi-omics integration v v v v v v v
Ranking bn:::l ;; :ﬁﬂaremlal v v
Network rc;r::ir:‘agmy-hased v v v v
Network inference v v v v
Node functional annotation v v v v
‘GSEA or similar v v
ESEA v
SNF v v
SNF to igraph v v
Mole BT v
oo v v
Network comparison at module v

level

We developed MUUMI to address this gap, by integrating multiple meta-analytical
approaches with a comprehensive suite of network-based functionalities, spanning from
the inference to the analysis and interpretation of the networks. Moreover, the capac-
ity of MUUMI to handle both single-omics and multi-omics datasets facilitates a more
complete interpretation of complex biological systems, providing deeper insights into
disease mechanisms, gene regulation, or biomarker discovery. MUUMI includes several
exposed functions that can be combined in different ways so as to allow a full customisa-
tion of the analysis pipelines according to the biological condition under investigation.
In addition, the network-driven interpretation steps, including module functional anno-
tation and the topological enrichment analyses, provide valuable tools to evaluate and
explore the biological relevance of the results.

The two case studies presented, an integrative analysis of IPF datasets across RNA-Seq
and microarray platforms, and a multi-omics study of macrophage plasticity upon pola-
rising stimuli, demonstrate how MUUMI can reveal biologically plausible insights while

accommodating heterogeneous data sources.

Conclusions

We developed MUUM]I, an R package leveraging omics data meta-analysis, integra-
tion and interpretation that implements traditional and network-based approaches to
unleash the power of multi-study datasets. Statistical and network-based approaches are
integrated in a unique framework, allowing the user to derive robust and biologically
meaningful results from different studies. The applicability and the functionalities of
MUUMI were showcased in the performed case studies.
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ECM Extracellular matrix



Inkala et al. BMC Bioinformatics (2026) 27:56 Page 21 of 24

ESEA Edge set enrichment analysis

GSEA Gene set enrichment analysis

IFNy Interferon gamma

IL Interleukin (e.g., IL4, I1L13)

IPD Individual participant data

IPF Idiopathic pulmonary fibrosis

KDA Key driver analysis

LPS Lipopolysaccharide

MDF Marker dependency filtering

MMP Matrix metalloproteinase (e.g., MMP7)
MOFA / MOFA+  Multi—omics factor analysis (+ updated version)
MSEA Marker set enrichment analysis

NMD Nonsense-mediated mRNA decay
NMF Non-negative matrix factorization

NF kB-Nuclear Factor kappa-light-chain—enhancer of activated B cells
ORA Overrepresentation analysis

PCA Principal component analysis

PF Pulmonary fibrosis

PLS Partial least squares

RNA Seg-RNA sequencing

SNF Similarity network fusion

TLR Toll-like receptor

TNF Tumor necrosis factor

TNF a-tumor necrosis factor alpha
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