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Abstract

In this perspective, we discuss the current challenges and opportunities in multi-omics,
a rapidly evolving approach that integrates multiple molecular layers to advance our
understanding of complex biological systems. As biomedical research moves toward preci-
sion medicine, the ability to correlate genotype, phenotype, and environmental contexts
has never been more critical. Multi-omics enhances biomarker discovery and elucidates
regulatory networks underlying health and disease. The dominant scientific paradigm
for over a century was to take a reductionist approach, studying individual molecular
components in isolation or as simplified systems. The advent of omics technologies in
the 1990s enabled a systems paradigm, allowing holistic analyses of molecular networks.
These early systems studies were constrained by technology and methodology to bulk
tissue measurements and single-omics analyses. Recent advances in single-cell and spatial
omics, high-throughput proteomics and metabolomics, cloud computing, and artificial
intelligence now allow high-resolution, spatially contextualized multi-omics analyses. De-
spite these gains, challenges in data analysis and interpretation remain, including high
dimensionality, missing or incomplete data, multiple batch effects, and method-specific
variability. Emerging strategies—such as paired data collection, staged or joint integration,
and latent factor or quasi-mediation frameworks—offer promising solutions, positioning
multi-omics as a transformative tool for elucidating complex mechanisms and guiding
personalized medicine. Continued refinement of these approaches may further enhance
the utility of multi-omics for understanding complex biological systems.

Keywords: multi-omics; systems biology; single-cell omics; spatial omics; data integration;
biomarker discovery; computational analysis

1. Introduction
Multi-omics refers to the integrated analysis of multiple molecular layers within a

biological system, providing a more comprehensive view of complex processes than single-
omics studies alone [1]. By combining data across molecular layers and incorporating
environmental or clinical data, multi-omics increases statistical power for biomarker dis-
covery and for elucidating mechanisms linking genotype to phenotype [2]. Multi-omics
datasets are high-dimensional, often comprising thousands of features, which present
substantial analytical challenges [2–4]. The integration of multi-omics with non-omics
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data—such as clinical records or environmental exposures—further enhances biological
insight through a multimodal approach but also adds complexity to data analysis [5]. How-
ever, such multimodal models of phenotypes are essential from pharmacy practice and
precision medicine perspectives. In this perspective, we summarize the status and types of
multi-omics studies, discuss key challenges in multi-omics analysis, with an emphasis on
effective data integration and multimodal mediation strategies, offering insights from both
technical and bioinformatics perspectives.

2. Defining Multi-Omics and Its Core Study Types
Multi-omics represents an integrative analytical approach that concurrently examines

multiple molecular layers, such as the genome, transcriptome, proteome, and metabolome,
to construct a holistic model of biological systems [1,2,6–8]. By synthesizing these disparate
data types, researchers can uncover the complex, mechanistic pathways that link genotype
to phenotype, significantly enhancing the power to identify robust biomarkers [5,9–11].
However, the promise of multi-omics is tempered by substantial computational challenges,
as the analysis of these high-dimensional, heterogeneous datasets requires sophisticated
bioinformatic workflows [12–14]. The development of robust, standardized pipelines is
therefore critical, offering researchers a powerful foundation to accelerate discovery across
diverse biological domains.

For most of the history of science, limitations in instruments and analytical techniques
required researchers to adopt a reductionist paradigm for biomedical research. In such
a paradigm, complex systems were reduced to their component parts and studied in
isolation or in simplified, well-defined systems. While this strategy was highly successful
in elucidating molecular mechanisms of disease, it was not well-suited to identifying
synergistic effects that naturally emerge in a unified system. With the advent of omics in
the 1990s, researchers were able to adopt a systems paradigm that allowed for analysis of
molecular systems as a whole [4,15–19] (Figure 1). In conjunction with the reductionist
paradigm, this new era of “omics” allowed significant advances in understanding biological
systems, particularly regarding human health, particularly when coupled with genome-
wide association studies linking genetic variants to disease [1,20–23]. However, like the
reductionist paradigm, the systems paradigm was limited by technology to bulk analysis
of tissues, and typically, omics levels were analyzed individually, even though it was
recognized that cells within tissues displayed significant heterogeneity [24–27]. Recent
improvements in single-cell and spatial biology, as well as advances in cloud computing
and artificial intelligence, have now made it possible to conduct multi-omics analyses on
individual cells of complex organisms and to place that information in a spatial context,
resulting in spatially oriented whole system analyses [28–31].

Early in the omics era, researchers recognized the value of correlating multiple omics
levels into unified systems (Figure 2). Systems biology is an attempt to correlate multiple
omics levels together for the purpose of building mathematical models of organisms
and metabolic pathways that could be used to test predictions or to engineer metabolic
networks [32]. While systems biology had early successes, it was limited by several
technological realities. For instance, biological and industry factors led to a rapid increase
in nucleotide sequencing technology and associated omics methods such as RNA-seq, while
proteomics and metabolomics methods lagged [33,34]. Early efforts at systems biology
tended to focus on mathematical modeling of microbes for metabolic engineering and
synthetic biology, as microbes were easier to model than complex organisms. In recent
years, advancements in mass spectrometry (MS) technologies have allowed the fields of
proteomics and metabolomics to reach a comparable level of analytical maturity [35], and
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advanced computing resources have become more accessible for average researchers, which
has prompted a renewed emphasis on studying complex systems [36].

Figure 1. Common Molecular Layers, the Molecules Studied, and Associated Omics Technologies
Used to Generate and/or Analyze the Layer. Each omics layer may be described at the bulk tissue or
single-cell level. Created in BioRender. Hemme, C. (2025) https://BioRender.com/7dvj5u1.

 

Figure 2. Multi-omics Hierarchy Showing Integration of Multiple Omics Layers and Incorporation
of Non-Omics Data. Created in BioRender. Hemme, C. (2025) https://BioRender.com/fd4zb47.
Adapted from Kim et al. 2016 [6].
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Like systems biology, multi-omics seeks to correlate multiple omics levels together
to gain a better understanding of complex systems [6–8,36,37]. The goal of a multi-omics
experiment is to increase the statistical power of data by drawing power from across
multiple omics layers for the purposes of identifying biomarkers and elucidating the
mechanisms linking genotype to phenotype. Multi-omics can be combined with non-omics
datasets such as clinical information, health informatics, and environmental exposure data
to create multimodal studies that seek to understand biological systems in the context of
their environments [38,39]. A multi-omics experiment can encompass any combination
and type of omics levels, but typically involves two or more of the following:

• Genome—The entire complement of genetic material in the cell, including chromo-
somes, plasmids, or other non-chromosomal elements. The genome is typically an-
notated to include protein-coding sequences (genes), non-coding regions (introns,
promoters, regulatory elements, non-coding RNAs, etc.), and uncharacterized regions.
The genome is generally considered to be static and represents the blueprint of the cell.
Reference genomes for most model organisms have been sequenced and are available
for public use [40–44].

• Transcriptome—The complement of transcribed genes under a given set of conditions
at a given time. The transcriptome is dynamic and may be described in spatial or
temporal terms depending on the experiment. Transcriptomics is the most well-
defined of the functional (i.e., dynamic) omics methods [45,46].

• Epigenome—Epigenomics includes any modifications to the DNA (e.g., methylation)
or histones that affect chromatin accessibility. The most common epigenomic methods
are methylation, ChIP-Seq (for assessing chromatin accessibility linked to histone
modification or for identifying protein-binding sites in DNA), and ATAC-seq (for
assessing chromatin accessibility between nucleosomes) [47]. The epigenome has
been implicated in many disease-related phenomena such as oncogenesis, aging,
and toxicology [48,49].

• Proteome—The entire complement of active proteins in the cell. Proteomics is the
preferred omics level for pharmaceutical science applications because proteins are
typically the targets for drugs [50]. Proteomics also encompasses post-translational
modifications of proteins (e.g., phosphorylation, glycosylation, etc.) and can be used
to identify protein–protein networks [51,52]. Proteomics technology has improved
significantly in recent years, allowing for more complete assessment of proteomes
even in low-biomass samples such as biological fluids [53,54].

• Metabolomics—The entire complement of small molecules in the cell. Subsets of
metabolomics include glycomics (sugars) and lipidomics (lipids) [55–57]. Metabolomics
using radioisotope-labelled substrates can be used to assess the flow of metabolites
through metabolic pathways (fluxomics) for purposes of metabolic engineering [58].

• Microbiome Omics—Omics studies of host-associated or free-living microbial com-
munities. These methods correspond to the methods described above (metagenomics,
metatranscriptomics, metaproteomics, etc.) [59]. Microbiome studies involve complex
communities of multiple organisms and are increasingly included in multi-omics stud-
ies to identify molecular interactions between the host and its microbiome [42,60,61].

Although the multi-omics framework is unlimited in the possible number of integrated
datasets, practical considerations mean current research is largely characterized by the
simultaneous analysis of two to three molecular layers. This strategy makes the analysis
more computationally manageable while still providing powerful insights into specific
biological mechanisms. Representative core study types include the following:

• ChIP-Seq + ATAC Seq + Methylation—ChIP-Seq is used to analyze the effects of
histone modifications on chromatin accessibility. ATAC-seq complements this analysis
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by analyzing free chromatin between histones. Methylation, in contrast, analyzes
methylation of cytosines in DNA molecules, which can affect transcription or chro-
matin accessibility. In combination, these methods provide a high-level assessment of
chromatin accessibility [62,63].

• Transcriptomics + Epigenomics—The epigenomics methods described above can also
be combined with RNA-seq to gain a deeper understanding of gene transcription
by linking chromatin accessibility to transcription. RNA-seq can also be linked to
ChIP-seq for identification of DNA-binding proteins, which is a crucial method for
identifying and characterizing regulatory networks [64,65]. Because of the utility
of these approaches, companies have recently released several protocols for paired
transcriptomic–epigenomic sample prep and analysis, which reduces technical and
biological variability (see Challenges in Multi-Omics Analysis).

• Transcriptomics + Proteomics—A crucial step in the flow of biological information is
translation of mRNA transcripts to active proteins. While the translation process is
well-known, less clear are the multitude of post-translational modifications possible be-
fore an active protein is produced. Recent multi-omics work has clearly demonstrated
a disconnect between the transcriptome and proteome due to post-transcriptional
and post-translational regulatory mechanisms [1,3,66–69]. A multi-omics approach to
transcription and proteomics can help elucidate these processes [70].

• Proteomics + Metabolomics—Proteins carry out many chemical reactions in the cell,
which can be assessed by metabolomics. Metabolomics gives a sense of which proteins
are active and how active they are [71,72]. This can be assessed directly through flux-
omics, which uses radioisotope-labelled substrates to measure the flow of metabolites
through metabolic pathways, which is essential for metabolic engineering [73–75].

• GWAS + Transcriptomics or Proteomics—Genome-wide association studies (GWAS)
seek to associate genetic variants such as single-nucleotide polymorphisms (SNPs) and
insertions-deletions (indels) with diseases or other phenotypes, often in the context of
an external environmental exposure. The association alone, however, does not provide
much information on the molecular mechanism linking the variant to the phenotype.
Some variants may occur in intergenic regions, which may affect gene transcription.
Other variants may occur in protein-coding genes, which may change the structure
and/or activity of the translated protein. By coupling transcriptomics and proteomics
to GWAS, the mechanisms by which genetic variants lead to disease phenotypes can
be elucidated [76–78].

• Host Omics + Microbiome Omics—Interactions between the host and its microbiomes
are increasingly recognized as critical to understanding and treating human health
conditions such as inflammatory bowel disease or Type 2 diabetes [79]. Interactions of
the microbiome with the host immune system or through metabolite production can
manifest in a variety of ways, including emergence of or protection from pathogens,
efficiency of digestion, and microbial metabolism. Terms such as the gut–brain axis
describe how host–microbiome interactions in one part of the body can manifest in
other parts of the body, either through immune system interactions or through the
production of microbial metabolites such as small-chain fatty acids [79–81]. Increas-
ingly, microbiome data is being included in pharmacogenomic analyses along with
immunology data from the host to provide a more complete understanding of how
both the host and the microbiome react to drugs [82,83]. The broad coupling of phar-
macology and systems biology is often referred to as systems pharmacology [84,85].
Furthermore, multi-omics approaches are increasingly applied to infectious diseases to
map host–pathogen interactions, simultaneously capturing pathogen virulence factor
expression (transcriptomics) and the host immune proteome [79].
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While reductionist studies of individual omics layers have yielded invaluable insights,
this view of biological systems is inherently incomplete [1]. Multi-omics provides a pow-
erful complement to reductionist research by synthesizing multiple layers to construct a
more holistic model of life [20]. By strategically integrating data across these layers, we
can resolve the complex causal pathways from genetic blueprint to phenotypic expression,
thereby accelerating the discovery of biomarkers and therapeutic targets. The primary chal-
lenge is no longer justifying the need for integration but rather solving practical difficulties
of computational and statistical synthesis of these high-dimensional networks. However,
the direction of progress is clear: as these analytical hurdles are overcome, multi-omics is
poised to become the central methodology for a systems-level understanding of biology. By
further incorporating environmental and clinical datasets, it will provide mechanistic in-
sights important to advance personalized medicine and better understand a comprehensive
picture of molecular physiology.

3. Challenges in Multi-Omics Analysis
Analysis of individual omics levels presents numerous challenges. Omics datasets

are high-dimensional, usually consisting of thousands of correlated features (e.g., genes,
proteins, etc.) representing complex regulatory and interaction networks. These datasets
are also zero-inflated, meaning a feature is missing because of technical drop-out or because
the feature may not be expressed under the experimental conditions being studied [86].
Incomplete coverage and missing data are another major issue. For instance, though
bottom-up proteomics has advanced considerably recently due to significant advances in
Liquid Chromatography–Mass Spectrometry (LC–MS) and Gas Chromatography–Mass
Spectrometry (GC–MS), data-independent acquisition still results in significant missing
data within proteomics datasets [87]. Another example, genomics has been extensively
characterized for protein-coding regions of DNA, yet these regions represent only a small
portion of the entire genome [67]. Such incomplete coverage necessitates data process-
ing strategies to address missing or low-quality entries. Batch effects, both technical and
biological, also pose significant challenges [88]. These effects often represent technical vari-
ations unrelated to the biological factors of interest, commonly arising in both single-omics
and multi-omics analyses [88]. Differences in experimental design, laboratory conditions,
reagent lots, operators, and other non-biological factors can introduce unwanted variability
between batches, potentially leading to misleading conclusions [89,90]. Normalization
and batch effect correction are required to enable accurate cross-feature and cross-sample
comparisons [91]. For multi-omics data analysis, these problems occur at every level being
studied. Complicating the problem is that each of the methods for obtaining a particular
omics level comes with its own unique technical issues, which can introduce confounding
variables. Each omics layer will have its own statistical properties, including data distribu-
tion, variance, missing data, and batch effects, which complicate integration [92–95].

Unpaired data presents a variety of technical and analytical challenges [94,96]. In
theory, data across omics layers should be consistently correlated both in presence and
abundance. For instance, a gene that is expressed as a transcript should result in the
presence and relative abundance of the corresponding protein and its associated metabolites.
In practice, this often is not the case. Technical artifacts may affect the identification and
quantification of features at different omics layers. By its nature, unpaired omics layers lack
shared biological anchors, which must often be inferred by mapping to a shared latent space,
such as generating a lower-dimensional space through canonical correlation analysis [94].
This is particularly problematic when mapping a well-developed technology, such as NGS-
based transcriptomics, to less well-developed technologies, such as the MS methods used
for proteomics. The differences in quality between such datasets can result in missing data
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(e.g., lost anchors or lack of feature correspondence), which complicates identification of
legitimate biological differences between layers introduced by post-transcriptional and
post-translational regulation [94]. Much of the existing omics data represents unpaired data,
meaning any attempt at reanalysis, meta-analysis, or incorporation of legacy data with new
datasets must take the unpaired nature of the data into account. While technical issues
with the data are important, biological differences likely represent the primary source
of variation between omics layers, particularly at the single-cell level [94]. Significant
heterogeneity has been observed in cell cycle [97] and chromatin accessibility [98] between
individual cells, and collapsing this data or incorrectly removing it as technical variation
can result in a loss of biological information [94].

Another challenge in multi-omics data analysis is different temporal scales across
omics layers [1,68,69,75,99]. While the genome is largely static, other omics layers can
change over time frames ranging from seconds/minutes (metabolome), minutes/hours
(transcriptome), hours/days (proteome), to hours/years (epigenome). While the use
of time scale experiments in single omics layer analysis is well-established, integrating
multiple omics layers across different time scales is a challenge. Some experiments, such
as fluxomics, have the temporal components explicitly incorporated into the model [75],
whereas other integrations might require different time course experiments (e.g., more
sampling of metabolomics vs. proteome or transcriptome) or the use of more sophisticated
analysis tools that explicitly account for temporal variability between layers [100].

While multi-omics studies can be very informative for identifying biomarkers and
pathways related to disease [101,102], there exists a well-known gap between generating
this data and translating it into practical clinical applications [103,104]. These challenges in-
clude biomarker validation, affordability, application across broad and diverse populations,
linking of biomarkers to clinically actionable insights, and separating the effects of comor-
bidities on biomarker abundance [103,104]. From a pharmaceutical sciences perspective,
therapies tend to focus on proteins, as they are the more common target for drugs. Given
this practical reality and the known disconnect between the transcriptome and the proteome,
pharmaceutical sciences researchers tend to gravitate toward proteomic and metabolomic
methods. A full multimodal model incorporating multi-omics and health outcomes data
may generate a significant number of potential biomarkers, but practical therapies must be
at least as accurate, sensitive, practical, and affordable as existing therapies.

The challenges of multi-omics data integration can be summarized as (1) choosing the
omics layers most relevant to the analysis to simplify integration, (2) integrating horizontal
(i.e., same omics layers across different samples, such as in meta-analysis) and vertical
(i.e., true multi-omics analysis) datasets as necessary, (3) understanding the particular
statistical properties of each omics layer, including normalization and accounting for
missing data, (4) identifying biological anchors between layers for either paired or unpaired
data, (5) accounting for temporal differences between omics layers, (6) dimensionality
reduction, and (7) identifying layer specific effects (e.g., the unique effects of the proteome)
vs. latent effects common to all omics layers.

4. Addressing the Challenges in Multi-Omics Analysis
In recent years, many advances have been made to address the challenges of analyzing

multi-omics data. These improvements can be generally categorized as (1) instrumentation,
(2) methodology/protocols, and (3) algorithms and computation.

Instrumentation Advances—In the early years of the omics era, the scientific and
industrial focus was on advances in nucleotide sequencing technologies (e.g., next-gen
sequencing, or NGS) [105]. The drive to sequence the human genome and genomes of
other model organisms was a major contributor to these advancements [105]. The current
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focus of NGS technology is the development of highly accurate long-read technologies
that will allow, for example, sequencing of entire transcripts and exact quantification of
transcript abundance. Recent advancements in LC–MS/GC–MS technology have allowed
for corresponding advancements in proteomics and metabolomics methods [105], as well
as NGS-based methods for proteome inference. Finally, advancements in single-cell and
spatial technologies have advanced considerably in the last ten years, allowing for analysis
of millions of individual cells and accurate placement of these cells within their spatial
context [37,105]. While emphasis in single-cell methods focused on the transcriptome and
epigenome, newer methods allow paired assessment of transcription and surface proteins,
with efforts underway to extend this functionality to intracellular proteins.

Methodology and Protocol Advances—Data-Independent Acquisition, or shotgun
proteomics, is the proteomics equivalent of shotgun sequencing for nucleic acids and is
the standard for proteomics experiments [87]. Similar advancements are improving the
ability to identify and quantify metabolomics signatures [34,106]. More accurate whole-ome
datasets increase the utility of the datasets and improve the ability to identify cross-level
correlations, at the expense of larger and more complex datasets [107]. Improvements
in single-cell sample preparation and paired omics data acquisition methods have also
contributed to improved datasets (Figure 3, see Strategies for Analyzing Multi-Omics Data
below for more details).

 

Figure 3. Paired and Unpaired Multi-omics Measurements and Technologies to Analyze the Data
Created in BioRender. Hemme, C. (2025) https://BioRender.com/1rcpnd4. Adapted from Flynn
et al., 2023 [37].

Software and Computational Advances—Advances in software and computation
have been made to address the challenges in analysis of multi-omics data and networked
nature of the integrated data [99]. The transition from bulk to single-cell omics analysis has
required modifications to traditional omics data workflows to account for the non-linear
nature of single-cell data and the larger and more complex datasets. Identification of
cell types from single-cell data requires accurate libraries of gene expression profiles of
known cell types. This process has been aided by single-cell atlases created by multiple
laboratories that are used as references for subsequent single-cell work. Similarly, accurate
LC–MS/GC–MS libraries are required for proper identification of proteins and metabo-
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lites [108]. Software such as the Sueret package in R [12] has become the de facto standard
for single-cell and spatial data analysis and includes multi-omics data analysis functionality
as well. Multiple omics companies have also released software for analysis of multi-omics
data (Illumina Connect Multi-omics3, Illumina; Integrated Pathway Analysis6, QIAGEN;
Loupe Browser/SpaceRanger7, 10X Genomics) [109]. Many of the tools are designed to
address some of the challenges listed in Section 4. All these tools in some fashion consider
the networked nature of multi-omics data. Multi-omics data can be modelled as a graph of
nodes (biological features) and edges (molecular interactions), making them amenable to
methods such as graph neural networks, network inference, similarity-based approaches,
and network propagation or diffusion [110]. In tools such as IPA, this data can be further
incorporated into curated molecular interaction networks, such as known drug-target
interactions [14]. Most commercial packages also have tools for addressing missing data
and identifying biological anchors. MOFA+ is designed to identify omics-specific and latent
multi-omics properties through matrix deconvolution, and implicitly accounts for some
temporal dynamics [13]. Other methods, such as dynamic Bayesian networks [111,112]
or ordinary differential equation (ODE) kinetic models, [113,114] can explicitly address
temporal differences between layers, allowing for more complex kinetics-based analyses.

Artificial intelligence and machine learning algorithms are increasingly being
brought to bear on the challenges of data analysis [92,93,107,115]. ML algorithms have
been used to manage the problem of missing data in multi-omics datasets [92,93,95],
integrating unpaired data [116], and addressing the challenges of high dimensional-
ity [117] and multimodal datasets [118]. In spatial omics, AI/ML is being used for
accurate identification of complex cell shapes such as neurons, which reduces false
positives and false negatives associated with improperly assigning omics signals to
cells. AI/ML can also be used to correlate omics data with seemingly unrelated cellular
properties [119]. For example, researchers have used AI/ML to link Raman spectroscopy
to single-cell omics to allow for real-time estimation of gene expression in live cells [120].
AI/ML has also been used to analyze multi-omics data to identify potential drugs for
repurposing [121–123]. Recent applications employ Graph Neural Networks (GNNs)
to model the non-linear interactions between molecular layers, effectively capturing
the topology of biological networks. Additionally, Variational Autoencoders (VAEs)
are frequently used for dimensionality reduction and data imputation in zero-inflated
single-cell datasets. However, the application of these ‘black box’ Deep Learning models
introduces challenges regarding interpretability. To address this, attention mechanisms
and feature importance ranking are increasingly integrated into models to ensure that
AI-derived biomarkers are biologically explainable to clinicians.

The use of AI presents its own challenges, particularly when working with clinical
data. Data security and provenance are absolutely essential when working with data
that could potentially identify an individual [124,125]. Particularly when working with
generative AI, researchers must ensure that patient data is not only anonymized but
also not being incorporated into training sets, which could potentially result in the data
being made public. Researchers also need to be aware of potential issues in data quality
from AI tools [126]. Potential sources of data instability include the following: (1) poorly
trained models (e.g., trained on noisy data, insufficient data used for training sets, incorrect
assumptions about training data, etc.), (2) inclusion of legacy data that does not meet
modern standards of quality control, (3) well-intentioned but inaccurate data (e.g., incorrect
or false data from patient surveys), and (4) bias in AI algorithms [126]. At best, this data
instability can frustrate data analysis, but at worst could negatively impact patient health
and confidentiality.
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5. Strategies for Analyzing Multi-Omics Data
The nature of multi-omics data presents many analysis challenges, both in acquiring

data and in the statistical models used to analyze it. Some common strategies for handling
this complexity are listed below.

5.1. Paired Data Acquisition

The use of paired data where multiple omics layers are extracted from the same cell or
sample greatly simplifies data analysis by reducing the number of batch effects and technical
variation that must be managed (Figure 3) [37,127]. For example, 10X Genomics offers kits
for simultaneous generation of RNA-seq and ATAC-seq data, and similar methods are
being developed by 10X Genomics and other manufacturers for simultaneous generation
of transcriptomic and proteomic, or proteomic and metabolomic datasets. Companies
such as Illumina also offer protocols for NGS-linked proteomics, which allow for paired
proteomics–NGS experiments. Paired datasets are less noisy, have fewer batch effects, and
are more easily correlated than traditional unpaired omics data [37].

5.2. Integration Architectures (Early, Intermediate, Late)

A central challenge in multi-omics analysis is the effective integration of multiple
molecular layers [5,36,115]. The proper strategy greatly depends on the systems being
analyzed, their complexity, the quality of the data, and the question being asked. In
general, one of three strategies will likely be used (Figures 4 and 5). First, an early-stage
integration (concatenation) is most effective when data is paired and/or highly correlated,
allowing features from different modalities to be directly linked for each sample. For
example, in single-cell multi-omics studies where RNA and ATAC-seq are measured
simultaneously from the same nucleus, concatenating these layers into a unified feature
space allows for joint dimensionality reduction and clustering, revealing cell states that
are coherent across modalities [128]. Tools like Seurat’s [12] weighted nearest neighbor
(WNN) and MOFA+ [13] implement this approach to integrate transcriptome and chromatin
accessibility data within the same cells [129]. However, the added complexity can make
data interpretation difficult and may confuse machine learning (ML) models [130,131]. A
late-stage strategy where all omics layers are processed individually and then correlated
together may be useful for multi-omics experiments with several layers or with messy
data. For instance, in a population-scale health study, genomics, metabolomics, and
proteomics data may be generated in separate batches. Researchers can first analyze
each layer independently (e.g., GWAS for SNPs, differential abundance for metabolites),
then perform meta-analysis or pathway enrichment across results to identify convergent
biological mechanisms [132]. This approach is implemented in platforms like OmicsNet and
PaintOmics, which enable post hoc integration of pre-processed omics results [133]. A mixed
strategy attempts to reconcile these issues by independently transforming each omics layer
into simpler representations prior to integration. This strategy reduces noise and facilitates
ML analysis but may still result in lost multi-omics information. An intermediate strategy
combines omics layers through inference on a joint model and is useful for complex datasets
and often assumes a common underlying latent space that reveals the underlying biological
mechanisms [115,134–136]. In this way, the intermediate strategy can identify a multiomics
component common to all omics layers as well as layer-specific components. Finally, a
hierarchical strategy incorporates prior knowledge of sample biology, such as regulatory
networks, to better inform the final integration. All of these methods are described in more
detail by Picard et al. [115].
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Figure 4. Multi-omics Data Integration Strategies. Created in BioRender. Hemme, C. (2025) https:
//BioRender.com/08zlp9x. Adapted from Picard et al. 2021 [115].

5.3. Multimodal Mediation Frameworks

The phenotype of an organism represents a complex interaction between its geno-
type and environmental factors. While multi-omics alone can provide information
about the physical traits associated with a genotype, a more complete picture emerges
when additional modalities such as environmental exposures or health outcomes are
included [5,137]. Such multimodal experiments require a mediation framework multi-
omics to correlate this data with integrated multiomics data [5] (Figure 5). In a hypothet-
ical multimodal experiment, multi-omics data is used to describe how an environmental
exposure E leads to a health outcome Y, with or without a latent factor X (Figure 5). A
high-dimensional strategy treats all potential mediators equally and is useful for biomarker
discovery but does not fully account for variation between omics layers. In a mediation
with latent factors framework, latent factors X are estimated, which can allow for mea-
surement of both direct effects of E on Y and indirect effects mediated by X. This strategy
is particularly useful for analyzing metabolic pathways. A third strategy, integrated,
quasi-mediation, involves jointly analyzing environmental exposures and multiomics data
and assumes the entire effect of the exposure on the disease is through molecular interme-
diates [5]. This strategy is useful for identifying subgroups of interest, such as high-risk
subject groups. Multi-omics mediation strategies have been used in a variety of contexts,
including analyzing the effects of maternal genetic variants on infant health [138], corre-
lating cancer proteogenomics with clinical outcomes [139], and studying the effects of
the microbiome on inflammatory bowel disease [140].
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Figure 5. Multimodal Data Integration and Mediation Strategies. Created in BioRen-
der. Hemme, C. (2025) https://BioRender.com/aqjtjyt. Adapted from Goodrich et al., DOI:
10.1016/j.envint.2024.108930 [5].

6. Conclusions
Multi-omics has emerged as a powerful framework for understanding biology at a

systems level by integrating genomic, epigenomic, transcriptomic, proteomic, metabolomic,
and microbiome data. This holistic approach overcomes the inherent limitations of
single-omics studies, enabling deeper insight into the molecular pathways that link geno-
type to phenotype and accelerating the discovery of biomarkers and therapeutic targets.
As multi-omics increasingly incorporates clinical and environmental information, it is
poised to play a central role in advancing precision medicine and understanding complex
biological processes.

Despite its promise, multi-omics presents significant analytical challenges, including
high dimensionality, technical variability, incomplete coverage, and the difficulty of inte-
grating heterogeneous datasets. Recent advancements in high-resolution instrumentation,
paired multi-omics protocols, improved sample-processing workflows, and sophisticated
computational tools, including AI/ML, are helping to address these obstacles and en-
hance data quality and interpretability. Continued progress in integration strategies and
multimodal analytical frameworks will further strengthen multi-omics as a foundational
methodology for systems biology, enabling more rigorous, mechanistic, and clinically
meaningful insights.
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