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given biological system. However, it can often become challenging given the large

size of omics datasets and the diversity of existing techniques. Moreover,
visualization tools for interpretation are usually non-accessible to biologists
without programming skills.

Results: Here, we present MiBiOmics, a web-based and standalone application
that facilitates multi-omics data visualization, exploration, integration, and
analysis by providing easy access to dedicated and interactive protocols. It
implements advanced ordination techniques and the inference of omics-based
(multi-layer) networks to mine complex biological systems, and identify robust
biomarkers linked to specific contextual parameters or biological states.

Conclusions: Through an intuitive and interactive interface, MiBiOmics provides
easy-access to ordination techniques and to a network-based approach for
integrative multi-omics analyses. MiBiOmics is currently available as a Shiny app
at https://shiny-bird.univ-nantes.fr/app/Mibiomics and as a standalone
application at https://gitlab.univ-nantes.fr/combi-Is2n /mibiomics.
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Background

The holistic characterization of biological systems is extending our knowledge about
the functioning of organisms and natural ecosystems. Today, their multi-omics char-
acterization is becoming standard, thus novel methodologies and easily accessible
tools are required to facilitate the study of associations and interactions within
and across omics layers (e.g. (meta-)genome, (meta-)transcriptome, metabolome)
and scales (e.g. cells, organs, holobionts, communities). The analysis of single omics
datasets has helped to identify molecular signatures associated to phenotypes of
interest. However, it usually does not allow to predict mechanisms underlying phe-
notypic variabilities. Although multi-omics information is not sufficient to identify
causes and consequences of a biological process, it can contribute to delineate key
players sustaining it [1]. Indeed, exploring a biological system across several omics
layers enable to capture additional sources of variability associated with a variation
of interest and potentially to infer the sequence of events leading to a specific process
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or state [2]. Within the last decade, multi-omics integrative approaches have been
applied across various fields including microbial ecology [3], genetics [4] and person-
alized medicine [5]. As of today, several integrative methods have been developed,
but are often specific to a given experimental design, data type or a precise biolog-
ical question [6]. Considering the multiplicity of existing techniques, the selection
of an appropriate workflow is challenging for biologists, especially when it comes to
the representation of several system-level omics layers and its interpretation. There
is a clear need for accessible (web) tools to facilitate the integration, analysis and
representation of multi-omics datasets through an intuitive and guided approach.
MiBiOmics aims to provide established and novel techniques to reveal robust sig-
natures in high dimensional datasets [7] through a graphical user interface allowing
to perform widely applicable multi-omics analyses for the detection and description
of associations across omics layers. Available as a web-based and a stand-alone ap-
plication, it gives access to several R packages and tools to help users who are not
familiar with programming to load and explore their data in a simple and intuitive
way. MiBiOmics allows the parallel study of up to three omics datasets, as well
as the in-depth exploration of each single dataset. It also provides easy access to
exploratory ordination techniques and to the inference of (multi-layer) correlation
networks enabling useful dimensionality reduction and association to contextual
parameters. The user can then compare results from these different approaches and
cross-validate multi-omics signatures to generate confident novel hypotheses.

Implementation

MiBiOmics is implemented in R (Version 3.6.0) as a Shiny app providing an in-
teractive interface to perform each step of a single- or multi-omics data analysis
(Figure 1). MiBiOmics is also accessible as a standalone application that can be
easily installed via Conda (Version 4.6.12). The application is divided into five sec-
tions as described below:

Data Upload

Within MiBiOmics, the user can upload up to three omics datasets, allowing the
data exploration and network analysis of a single- or multi-omics dataset. There
must be common samples between omics datasets in order to perform all analyses
provided by the application. An annotation table describing external parameters
(e.g. pH, site of extraction, physiological measures) needs to be provided. These
parameters may be quantitative or qualitative, and available for each sample. An
additional taxonomic annotations table can be uploaded when one omics table cor-
responds to microbial lineages (e.g. as Operational Taxonomic Units (OTUs) or
Amplicon Sampling Variants (ASVs)).

Following data upload, the user can filter, normalize and transform each data matrix
using common methods, such as the center log ratio (CLR) transformation to deal
with the compositional nature of sequencing data, or filtration based on prevalence.
In this section, it is also possible to detect and remove potential outlier samples.
To allow new users to easily test the functionality of MiBiOmics, we provide two
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example datasets: the breast TGCA datasets from The Cancer Genome Atlas (8]
allows to explore assocations between miRNAs, mRNAs and proteins in different
breast cancer subtypes; and a dataset from the Tara Oceans Expeditions [9, 10] to

explore prokaryotic community compositions across depth and geographic locations.

Data Exploration

In this section, several ordination plots (Principal Component Analysis (PCA),
Principal COordinates Analysis (PCoA)) [11] are dynamically produced to visual-
ize and explore relationships between samples, and to identify main axes of variation
in each dataset. When OTUs or ASVs are uploaded with their taxonomic annota-
tions, it is possible to obtain a relative abundance plot describing the proportion of
lineages at a given taxonomic level (e.g. Phylum, Family, Genus or Species) in each

sample.

Network Inference

The network inference section allows to perform a Weighted Gene Correlation
Network Analysis (WGCNA[12]). Help sections are available to assist the user with
parametrization, notably for optimizing the scale-free topology of the network. Here,
WGCNA networks can be inferred for each uploaded omics dataset. We strongly
advise users to read the WGCNA original publication and associated tutorials for
this step of the analysis.

Network Exploration

The network exploration section allows to compute and explore significant asso-
ciations between subnetworks or modules (e.g. of genes, transcripts, metabolites),
and communities (of lineages) delineated from each omics layer, which are denser
and contain highly correlated features. Each module is associated to all external
parameters provided in the annotation table and correlations are visualized as a
heatmap (Figure 2A). Modules associated to parameters of interest can be further
analyzed. The user can also identify which samples are contributing the most to the
delineation of a specific module (Figure 2B). In case an OTUs/ASVs table is pro-
vided with taxonomic annotations, the relative abundance of lineages contributing
to each module can be visualized as barplots.

In addition, OPLS (Orthogonal Partial Least Square) regressions [13]| can be per-
formed using a selected module components as features in order to estimate its
capacity to predict a given contextual parameter, and are useful to cross-validate a
module-parameter association. The results of this analysis are represented as hive
plots with two axes. On the x-axis, the module features are ordered according to
their Variable Importance Projection (VIP) score (a measure of their weight in the
OPLS regression), while on the y-axis they are ordered according to their correla-

tions to an external parameter of interest (Figure 2C).
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Multi-Omics Analysis

Here, MiBiOmics allows users to detect and study associations across omics
datasets. Ordination methods including Procrustes analysis [11] and multiple co-
inertia [14] are useful to compute and visualize the main axes of covariance, and
also to extract multi-omics features driving this covariance. This central section
of MiBiOmics implements an innovative approach for detecting robust links be-
tween omics layers. All modules delineated within each omics-specific network are
associated to each other by directly correlating their eigenvectors. Here, the di-
mensionality reduction of each omics dataset through module definition ensures a
small number of correlations, thereby increasing the statistical power for detecting
significant associations between omics layers. For visualization, a hive plot helps
summarizing significant associations between each module as a multi-layer network
integrating links between omics-specific modules as well as their association to con-
textual parameters (traits or phenotypic characteristics). In this hive plot, each axis
represents the network of a given omics layer. Corresponding modules are ordered
on the axes according to their association to a contextual parameter of interest
selected by the user. Modules with no significant associations are not depicted. Sig-
nificant associations between omics-specific modules are represented, and individual
associations between modules can also be visualized as heatmaps and dataframe.
Conveniently, the user can also select modules of interest to investigate pairwise
correlations between modules’ features and delineates group of modules associated
together and to an external parameter.

Importantly, all figures generated by the application (PCA, PCoA, relative abun-
dance plots, WGCNA outputs, hive plots, multiple co-inertia, Procrustes plots,
correlograms, bipartite networks) can be downloaded (as svg or pdf files), and if
aWpplicable, supplementary information provided as a csv file (WGCNA modules

information, eigenvalues and coinertia drivers).

Results and Discussion

MiBiOmics enables the exploration, integration, analysis and visualization of up
to three omics datasets. Through the primary exploration of a dataset, the infer-
ence of biological networks and the extraction of multi-omics associated features,
the application provides a ready-to-use analysis pipeline to interactively explore
sources of variability and variables of interest in a given biological dataset, as well
as associations between multi-omics features in holistic studies.

The inference of networks from omics features is useful to represent and model
the complex architecture of putative interactions in biological systems. In addition,
networks provide a way to reduce the dimensionality of a dataset by delineating
cohesive groups of co-varying, often functionally related features, that can then be
associated to contextual or phenotypic characteristics of interest [1]. A key func-
tionality of MiBiOmics is the multi-omics adaptation of WGCNA [12] to explore
association across omics datasets via a network-based approach. As shown in Fig-
ure 2A, the interface provides the ability to interactively probe associations across
omics layers of different breast cancer subtypes [8] within each network and their
association to patient parameters. The original WGCNA outputs are provided by
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the application to deepen the analysis between modules and external parameters
(Figure 2B). In addition, we provide the user with the possibility to perform an
OPLS regression for modules of interest to evaluate the robustness of these vari-
ables to predict a given trait or phenotype. Figure 2C is an example of an OPLS
regression using WGCNA module variables as features. On the x-axis the features
of the red module are ordered according to their VIP score (their importance for
the module), and on the y-axis according to their correlation to the subtype pa-
rameter. This figure highlights how central features of a WGCNA module relate to
an external parameter.

The exploratory multi-omics analysis allows to study the main axes of covariance
across omics profiles and give the ability to discover and select variables impli-
cated in an association between omics datasets. The concomitant application of
(multiple) co-inertia (Figure 3A) and/or Procrustes ordination techniques with the
exploration of multi-omics correlations between WGCNA modules of distinct omics
layer (Figure 3B), provides a complementary vision of multi-omics relationships.
The MiBiOmics interface allows to explore WGCNA modules of interest to directly
infer significant associations between features from distinct omics layers (Figure
3C). In a multi-omics adaptation, WGCNA can be used to delineate a group of
modules associated together and to a parameter to interest and extract features
of different omics nature but related to each other. While an interactive version of
WGCNA already exists [15], MiBiOmics goes beyond by providing a multi-omics
strategy to identify correlated modules across omics layers and generate novel hy-
potheses. Associating modules across different datasets has already been performed
in the original WGCNA article [12] and reproduced in several studies. For example,
the overlap of modules between transcriptional profiles of different tissue [16] was
assessed, as well as a comparison between proteomics and gene expression profile
of modules in a cohort of alzheimer patients [17]. In both cases, the association
between modules was determined by overlapping identical features (e.g. same genes
in a given reference genome) within each module, a method which is not appli-
cable when omics datasets do not contain similar data types or refer to the same
biological system. In MiBiOmics, we enable the inference of relationships between
omics layers within an entire biological system (e.g. holobiont) or ecosystem (e.g.
the plankton), which makes it more widely applicable and especially suited for
omics-based environmental studies.

While there is a growing need for multi-omics analysis tools, a few applications have
been developed to fulfill the need of integrating and mining these complex and het-
erogeneous datasets. Several methods such as MONGKIE [18], are based on prior
knowledge and integrate data by projecting them on known metabolic networks and
biological pathways. More generally, existing multi-omics pipelines are focusing on
certain data types (Metabolomics with MetaboAnalyst [19]) or on disease-related
mechanisms (MergeOmics [20]). More widely applicable methods exist, such as the
R package mixOmics [21] that provides several semi-supervised methodologies often
based on ordination techniques. We compared methods integrated in MiBiOmics
(see Supplementary information for details) to the mixOmics DIABLO methodol-
ogy [22]. Only few multi-omics features associated to breast cancer subtype in the
TGCA dataset were extracted by all three methods (n=32, Figure 4A and Supple-
mentary table 1). Both methods integrated in MiBiOmics (i.e. multiple co-inertia
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and multi-omics WGCNA) and DIABLO extracted mostly distinct features (Fig-
ure 4A) underlying the probable complementarity of these multi-omics integrative
strategies. Scores attributed by each method to the common set of extracted fea-
tures were also dissimilar (Figure 4BCD and Supplementary table 1). This may
be explained by the fact that these methods implement fundamentally different
approaches to features extraction and selection, which confirms the complementary
nature of each analysis. For comparing the predictive power of models integrat-
ing features extracted by each method, we performed Sparse Partial Least Square
Discriminant Analysis (sPLS-DA) and computed the corresponding mean AUC
scores (Figure 4A and Supplementary Figure 1). All models can be considered to
be highly predictive of the cancer subtype phenotypes with the miBiOmics multi-
omics WGCNA methodology obtaining the highest AUC score (AUC=0.9952),
while the multiple coinertia analysis performed very well too (AUC=0.9903). Fea-
tures extracted by the DIABLO method from mixOmics obtained the lowest score
(AUC=0.9728) but remained highly predictive. Generally, these methods may ben-
efit from an enrichment method applied to the list of extracted drivers [14]. Overall,
MiBiOmics provides two complementary methods to extract associated variables
between omics layers and in relationship with a trait of interest. While it is well
suited to generate new hypotheses about molecular processes, it can not infer causal
mechanisms between omics features and phenotypes, which would require experi-
mental validations but that can actually be guided by MiBiOmics results.

In addition to provide an exploratory and integrative framework for multi-omics
studies, MiBiOmics distinguishes itself by providing a powerful dimensionality re-
duction and unsupervized method combining both ordination and graph-based
techniques, which enables to study complex biological systems as a whole. Impor-
tantly, it also integrates contextual information by linking multi-omics signatures
to qualitative and quantitave contextual parameters.

Conclusion

MiBiOmics is an interactive web-based (and standalone) application to easily and
dynamically explore associations across omics datasets. Through an innovative
network-based integrating strategy, it can help biologists to identify potential mech-
anisms of interactions and generate novel hypotheses. The core of the application
lies behind the reduction of dimensionality across omics datasets to efficiently link
them at the molecular level, and to identify biomarkers associated with a given
trait or phenotype. The MiBiOmics pipeline facilitates the exploration, integration
and analysis of multi-omics datasets to a broad audience by providing scientists
a powerful way to predict and explore putative molecular mechanisms underlying
complex phenotypes across a wide range of biological scales and systems.

Availability and requirements

Project name: MiBiOmics

Project home page: https://gitlab.univ-nantes.fr/combi-Is2n /mibiomics
Operating system(s): Platform independent

Programming language: R

Other requirements: for the local installation Conda 4.6.12 or Docker.
License: AGPL-3

Any restrictions to use by non-academics: No restrictions.
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List of abbreviation

ASV: Amplicon Sequence Variant.

AUC: Area Under the Curve.

DIABLO: Data Integration Analysis for Biomarker discovery using Latent variable approaches for ‘Omics
studies.

PCA: Principal Component Analysis.

PCoA: Principal COordinates Analysis.

OPLS: Orthogonal Partial Least Square.

OPLS-DA: Orthogonal Partial Least Square Discriminant Analysis.
OTU: Operational Taxonomic Unit.

VIP: Variable Importance Projection.

WGCNA: Weighted Gene Correlation Network Analysis.
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Figure 1 MiBiOmics framework. The MiBiOmics workflow can be divided into three main tasks:
Data preprocessing, data exploration, and multi-omics integration. The data preprocessing task is
dedicated to data upload, data filtration, normalization and transformation. The data exploration
task implements classical clustering methods, PCA, PCoA and WGCNA correlation networks that
can be applied to each omics dataset separately. Finally, the multi-omics integration task allows
the user to perform multi-omics exploration, integration and analyses using ordination techniques
(multiple co-inertia and Procrustes analysis), and multi-omics network inference.
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Figure 2 MiBiOmics networks exploration. MiBiOmics networks analysis visualizations (network
exploration section) from the analysis of the The Cancer Genome Atlas Network [8] breast TGCA
datasets. A. Correlation heatmap displaying associations of interest between WGCNA modules
and contextual parameters. B. The upper panel indicates the contribution of each sample in the
red module delineation. The lower panel indicates the corresponding subtype value for each
sample. Here, Basal samples positively contributes module red, while Her2, LumA and LumB
negatively contributes to module red. C. Hive plot displaying the red module's features according
to their VIP scores, correlations to the subtype parameter and their relationships.
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Figure 3 MiBiOmics multi-omics integration. MiBiOmics multi-omics integration visualizations
(multi-omics integration section) from the analysis of the The Cancer Genome Atlas Network [8]
breast TGCA datasets. A. A multiple co-inertia plot integrating 3 omics layers and extracted
miRNA, mRNA and protein drivers. B. Hive plot displaying modules of each omics network and
their associations. C. Bipartite network between mRNA features of the red mRNA module and
miRNA features of the red miRNA module (Spearman Correlation > 0.35).
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Figure 4 MiBiOmics and mixOmics comparison. A. Venn diagram displaying common and
distinct features extracted by DIABLO (mixOmics), multiple coinertia and multi-omics WGCNA
(MiBiOmics). Area Under the Curve (AUC) scores were computed to compare features selection
and model performance of each method. B. Selected features’ weights comparison between
multiple coinertia and multi-WGCNA on their common subset of features. C. Selected features’
weights comparison between multiple coinertia and DIABLO (mixOmics) on their common subset
of features. D. Selected features' weights comparison between DIABLO (mixOmics) and
multi-WGCNA method on their common subset of features.
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