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Abstract: Bioinformatics is a rapidly evolving field charged with cataloguing, disseminating, and analyzing
biological data. Bioinformatics started with genomics, and the distinction remains a source of confusion, but
while genomics focuses more narrowly on the genes comprising a genome, bioinformatics now encompasses
a much broader range of omics technologies. Overcoming barriers of scale and effort that plagued earlier
sequencing methods, bioinformatics adopted an ambitious strategy involving high-throughput and highly
automated assays. However, as the list of omics technologies continues to grow, the field of bioinformatics has
changed in two fundamental ways. Despite enormous success in expanding our understanding of the
biological world, the failure of bulk methods to account for biologically important variability among cells of
the same or different type has led to a major shift towards single-cell and spatially resolved omics methods,
which attempt to disentangle the conflicting signals contained in heterogeneous samples by examining
individual cells or cell clusters. The second major shift has been the attempt to integrate two or more different
classes of omics data in a single multimodal analysis to identify patterns that bridge biological layers. For
example, unraveling the cause of disease may reveal a metabolite deficiency caused by failure of an enzyme to
be phosphorylated because a gene is not expressed due to aberrant methylation as a result of a rare germline
variant. Conclusions: There is a fine line between superficial understanding and analysis paralysis, but like a
detective novel, multi-omics increasingly provides the clues we need if only we are able to see them.

Keywords: bioinformatics; epigenomics; transcriptomics; proteomics; metabolomics; lipidomics;
glycoinformatics; single-cell RNA sequencing; spatially resolved transcriptomics

1. Introduction

With few exceptions, each cell in the human body contains its own complete copy of the genome,
but cells can vary enormously in terms of morphology, composition, and longevity. The Human Cell
Atlas defines at least 300 distinct cell types [1], and cell morphology and metabolic activity can vary
over time and spatial orientation even among cells of the same type. Characterizing these differences
is essential within the field of medicine, especially in terms of drug development. Despite sharing the
same underlying DNA, the repertoire of genes available to cells of each type is limited as a result of
epigenetic changes such as methylation and acetylation. Many genes are only expressed in the
presence of external growth factors, and expression of numerous genes is tightly regulated in
response to environmental conditions within and outside of the cell. Measuring gene expression
(genomics, transcriptomics, and epigenomics) within homogenous samples provides valuable insight
into the cell, but it does not provide a complete picture. Measuring the expression level of a protein-
coding gene is not same as quantifying the translated protein (proteomics), and the function of many
proteins is further influenced by post-translational modifications such as phosphorylation
(phosphoproteomics) and glycosylation (glycomics and glycoinformatics). Furthermore, the presence
of an enzyme is not evidence of its activity, and the presence of expected metabolites or lipids should
be confirmed directly (metabolomics and lipidomics). Given this vast range of available omics
methods, which one(s) should be selected? The flippant answer, as many as possible, is often
impractical due to the combinatorial costs as well as technical limitations, such as sample volume or
quality. Nonetheless, it is likely that some as-yet-unimagined properties of life can only be perceived
across biological levels (Figure 1).

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. There are numerous omics methods, but each provides insight into a distinct aspect of the

biological state of a sample. Genomics and epigenomics focus on the sequence and accessibility of the
genetic material, whereas transcriptomics, proteomics, metabolomics, and glycoinformatics examine
the expression levels, post-translational modifications, and biochemical activity of proteins and other
biomolecules under different conditions.

2. Omics Methods
2.1. Genomics

As the National Human Genome Research Institute proclaims, the Human Genome Project
(HGP) was “one of the greatest scientific feats in history.” Launched in 1990 and completed in 2003,
the HPG remains one of largest ever international scientific collaborations spanning six nations at a
cost of $2.7 billion. The pioneering sequencing efforts fueled innovation at every level, from
sequencing technologies to data storage and software development, and the human reference
sequence continues to form the foundation of modern bioinformatics. However, the project ended in
2003 with the lingering sense that the human genome laid bare was not the open book some had
expected [2]. Annotation of the human genome is an ongoing, long-term effort and has been updated
numerous times. The latest genome assembly is T2T-CHM13v2.0 [3], although Genome Reference
Consortium Human Build 38 (GRCh38 or hg38), first released in 2013 and even Build 37 (GRCh37 or
hg19), first released in 2009, are still widely used, partly due to incompatibility between the
coordinates used among the major releases.

2.1.1. Hierarchical Shotgun Sequencing

The human genome was sequenced using hierarchical shotgun sequencing, a laborious process
in which the genome was broken into 150-200kb fragments cloned into bacterial artificial
chromosomes. Amplified sequences were then further fragmented and sequenced using Sanger
sequencing across multiple laboratories.

2.1.2. Sanger Sequencing

In this chain termination method, the complementary DNA strand is synthesized with the
addition of a small number of fluorescently-labeled nucleotides modified to prevent further chain
extension. In principle, this should produce chains that terminate at each position along the sequence.
The original DNA sequence can therefore be reconstructed by sorting the fragments by size on an
electrophoretic gel and reading the order of the fluorescent labels.
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2.1.3. Next-Generation Sequencing

While the HGP was able to sequence multiple fragments in parallel through careful planning
and coordination, this approach has been superceded by massively parallel sequencing (next-
generation sequencing), which is capable of generating multiple reads in parallel during the same
sequencing run using a method called sequencing by synthesis. Libraries are created by extracting
and PCR amplifying sample DNA, and the addition of each type of nucleotide is monitored during
synthesis of the complementary strand. This method produces a large number of relatively short
reads. In paired-end sequencing, overlapping forward and reverse reads with a fixed offset are used
to aid assembly.

2.1.3.1. Bioinformatics Methods for Next-Generation Sequencing

Although NGS methods improved the speed and cost of sequencing, there is a tradeoff. The
large number of short reads requires stringent quality control steps. Reads are exported as FASTQ
files that contain not only the sequence but the location of the read on the flow cell as well as a phred
quality score that indicates the probability of an incorrect base call at each position. Tools like FastQC
and Trimmomatic [4] are used to remove adapters, exclude chimeric reads, and trim low-quality
sequences from the ends. Newly sequenced genomes require reads to be assembled without reference
to an existing genome sequencing using methods such as greedy algorithms and De Bruijn graphs.
Popular de novo assemblers include ABySS [5], Trinity [6], SPAdes [7], and Velvet [8], SOAPdenovo?2
[9].

When a reference genome is already available, tools such as BWA [10] and Bowtie2 [11] are used
to align each read to the reference sequence. This problem is computationally challenging due to the
large number of reads, the presence of reads that should map in the correct orientation on both the
forward and reverse strands, the potential for insertions and deletions, and the potential of reads
from non-unique regions of the genome to map equally well to two or more locations. Aligned reads
are stored in a Sequence Alignment Map (SAM) file, which is normally compressed in an indexed
binary format (BAM and BAI files) using samtools [12]. BAM files can be visualized using genome
viewers such as Integrative Genomics Viewer [13] and Tablet [14], which provide information on the
sequencing depth and consensus sequence as well as the CIGAR string for each read. Once reads are
aligned to the reference sequence, variant calling is performed using tools such as Bcftools mpileup
or GATK HaplotypeCaller, and differences from reference alleles are saved in Variant Call Format
(VCF) files. Variant calling is highly dependent on the local alignment at each position, but the
Genome Analysis Toolkit provides best practices and tools to improve variant calling accuracy [15].

2.1.4. Third-Generation/Long-Read Sequencing

The reference genome published in 2003 was 92% complete, but numerous gaps remained
consisting of long stretches of highly repetitive DNA that could not be sequenced with the technology
of the time. The last remaining gaps were only completed in 2022 [3] with the aid of long-read
sequencing methods pioneered by Pacific Biosciences and Oxford Nanopore Technology. Nanopore
sequencing works by measuring the changes in an electrical field as a DNA sequence passes through
a microscopic pore. This method is less precise than short-read sequencing but produces much longer
reads, between 10 kilobases and 1 megabase under certain conditions. Nanopore sequencing can also
be performed using inexpensive flowcells on small portable devices such as MinlON, which
contributed greatly in efforts to monitor SARS-CoV-2 [16,17]. Despite these advantages, long-read
sequencing is unlikely to supplant short-read sequencing, and hybrid methods provide the best of
both worlds by using ultra-long-read sequencing for scaffolding paired with short read mapping to
improve accuracy.

2.1.4.1. Bioinformatics Methods for Nanopore Sequencing

Long-read sequencing requires different approaches and software than short-read sequencing.
Base-calling the raw output from Nanopore sequencers requires specialized tools, such as Guppy and
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Bonito. Quality control software such as NanoPack [18] and porechop [19] contain methods for
plotting and filtering long-read data and removing chimeric reads. Canu [20] and Flye [21] perform
de novo assembly, and Minimap2 [22] and NGMLR [23] map reads to a reference genome. The higher
error rate is a known limitation of Nanopore sequencing, but error correction tools like Nanopolish
[24] and Medaka make use of information contained in the raw signal data to recalibrate base calls
and polish assemblies. Medaka can also be used for variant-calling, along with tools such as Longshot
[25], Pepper-Margin-DeepVariant [26], and Sniffles [23].

2.1.5. Public Repositories of Genomic Data
2.1.5.1. DNA Sequence Databases

Most genomic data in the public domain is managed by the International Nucleotide Sequence
Database Collaboration (INSDC) [27], which includes GenBank, the European Molecular Biology
Laboratory (EMBL) Nucleotide Sequence Database, and the DNA Data Bank of Japan (DDB]J).
Sequence data is carefully annotated and cross-referenced and can be queried and exported in
multiple ways. The University of California, Santa Cruz (UCSC) Genome Browser also provides
useful tools for genome visualization with fine-grained control over tracks.

2.1.5.2. DNA Variant Databases

The human reference genome is haploid sequence that does not represent the genome of any
single person but serves as a coordinate system and point of reference. A number of projects have
attempted to assess the range of variation among individuals within and among populations,
including the Human HapMap project [28], the 1000 Genomes project [29], the UK Biobank [30], and
All of US [31], the last of which aims to include a diverse group of more than a million people in the
United States. Information gleaned from these databases is widely used in genome-wide association
studies to identify germline variants associated with disease risk, response to treatment, personalized
medicine, etc. [32]. In cancer genome profiling, tools such as Mutect2 [33] can be used to identify
somatic variants that appear in paired tumor-normal sequencing and that are uncommon in the
general population. Packages such as SnpEff [34] can be used to predict the potential effect of single
nucleotide variants on coding sequences and compared to known variants by querying databases
such as ClinVar [35].

2.2. Epigenomics

Many bioinformatics studies compare gene expression levels in samples under different
condition using RNA sequencing or transcriptomics, but fundamental insight may also be gained by
examining the epigenetic modifications such as DNA or histone methylation or histone acetylation
that influence the extent to which a gene is accessible to transcription machinery within the target
sample. Epigenetic regulation is a crucial aspect of developmental biology, and epigenetic
dysregulation is a common characteristic of many diseases such as cancer and is important in the
development of novel treatments [36].

An advantage of Nanopore sequencing is that passage of methylated DNA through the
nanopore opening creates a signature that can be interpreted from raw signal data using tools such
Nanopolish [24] and Tombo [37].However, a number of dedicated epigenomics methods have also
been developed, including bisulfite sequencing and methylated DNA immunoprecipitation
sequencing to characterize patterns of DNA methylation and ATAC-Seq, DNase-seq, and ChIP-seq
to identify regions of chromatin accessible to transcription machinery. Tools for epigenomics analysis
include Bismark [38] and MethylKit for bisulfite sequencing [39], MACS [40] for ChIP-seq data, and
HMMRATAC [41] and Signac [42] for chromatin accessibility studies. The Encyclopedia of DNA
Elements (ENCODE) project is an ambitious international collaboration that set out to catalog the
functional elements within the human genome [43]. The UCSC Genome Browser includes a number
of ENCODE tracks transcription factor binding sites, DNase hypersensitivity, and histone marks that
can aid interpretation of gene expression data.
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2.3. Transcriptomics

Genomics provides invaluable insight into genetic variation among individuals as well as within
heterogeneous tissue such as tumors, but the information only reveals an organisms genetic
POTENTIAL. The transcriptome provides much more direct insight into which genes and transcripts
are being actively expressed. Cells contain an enormous amount and variety of RNA, including
messenger RNA, ribosomal RNA, transfer RNA, micro RNA, small nuclear RNA, small nucleolar
RNA, PIWI-interacting RNA, long-non-coding RNA, etc. As only mRNA and miRNA are generally
of most interest, this large excess poses a challenge and may be removed prior to sequencing.
Mapping mRNA back to the genome for identifying and counting also poses a challenge due to splice
junctions. Tools such as Salmon [44] skirt this problem by mapping reads to a transcriptome
consisting of known transcripts, but this method is only suitable for known splice junctions. Popular
splice-aware tools such as STAR [45], Tophat2 [46], and HISAT2 [47] map reads directly to the
reference sequence based on genome annotations.

A major goal of transcriptomics is to compare gene expression under different conditions. As
sequencing run acts as a batch effect, it is advantageous to run as many samples as possible within
the same sequencing run. Barcoding makes this possible by including a short lane-specific barcode
sequence within the adaptor. During the quality control stage, sequence reads are first demultiplexed
and labeled. Popular differential gene expression tools such as Limma-voom [48], DEseq2 [49], and
edgeR [50] compare expression levels by sample each transcript and calculate a p-value and fold-
change. The tools vary in the details, but each tool takes into account factors such library size, RNA
length, and multiple testing to minimize confounding factors. However, RNA-Seq is a relative
measure and it is difficult to compare expression levels across experiments. RNA-Seq also provide
insight into alternative splicing using tools such as rMATS [51] and DEXSeq [52].

Aside from reporting up- and down-regulated genes, many studies perform some form of
pathway or functional analysis using tools such as GSEA [53], DAVID [54], or Panther [55] to identify
overrepresented pathways or gene ontology terms. Pathway data can be visualized using KEGG
Mapper KEGG [56] and Cytoscape [57]. Unsupervised methods can also provide powerful insight
into RNA-Seq data. Dimension reduction techniques such as PCA, t-SNE, and UMAP help to identify
structure within the data and reveal outliers. Weighted gene correlation network analysis using
WGCNA [58] uses hierarchical clustering to classify genes into clusters and identify eigengenes or
hub genes associated with experimental conditions, which can serve as targets for further
experimentation.

Several public repositories have been established to accept RNA-Seq data, and tools such as
Gene Expression Omnibus [59] and ArrayExpress [60] accept experimental data to facilitate
differential gene expression analysis.

2.4. Proteomics

While transcriptomics is essential for elucidating regulatory pathways, it is a mistake to assume
that gene expression levels accurately reflect the actual protein levels. In mammals, only about 30-
40% of the variation in protein levels is associated with corresponding mRNA levels, highlighting the
importance of post-transcriptional and post-translational regulation [61]. The goal of proteomics is
to identify and quantify the proteins present in a sample as well as to determine protein structure,
function, and interactions [62]. Cells are lysed, and proteins are extracted and digested into smaller
peptides. Proteins can be separated based on properties such as charge and mass using methods such
as gel electrophoresis and liquid chromatography. Peptides are ionized using electrospray ionization
or matrix-assisted desorption/ionization and then separated based on mass-to-charge ratio in a mass
analyzer. Proteins are identified and quantified by comparing spectrum peaks against a database of
theoretical spectra such as using software such as MaxQuant [63], MSstats [64], and PRIDE
(Proteomics Identification Database) [65]. As with gene expression data, differential protein
abundance data can be analyzed using pathway and functional analysis tools such as KEGG [56],
DAVID [54], and Reactome [66]. Protein-protein interactions networks can be analyzed using
STRING [67].
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2.4.1. Public Repositoris for Protein Data

UniProt is the primary database for protein sequence data and contains both automatically
annotated sequences in UniProtKB/TrEMBL as well as expertly curated and experimentally verified
protein data in UniProtKB/Swiss-Prot. The Human Protein Atlas is another important database
dedicated to mapping all human proteins by organ, tissue, and cell type [68].

2.4.2. Protein Structure Prediction

The three-dimensional structure of a protein is also critically important and is often only solved
after laborious efforts spanning months or years. Protein structures are stored in the RCSB Protein
Data Bank [69]. Although the structures of novel proteins can be predicted using homology modeling
using tools such as Swiss-Model [70], accuracy is often low. Protein structure prediction has long
remained an open challenge even with state of the art tools, but this changed dramatically following
the introduction of the advanced machine learning tool AlphaFold [71]. Predicted structures for over
214 million proteins have also been deposited in the AlphaFold Protein Structure Database [72].

2.4.3. Post-Translational Modifications

Analysis of protein data includes an additional layer of complexity due to the more than 650
known forms of post-translation modification, including phosphorylation, glycosylation,
ubiquitination, methylation, acetylation, and SUMOylation [73]. Up to two-thirds of all proteins are
thought to undergo phosphorylation, in which a phosphate group is reversibly added to a serine,
threonine, or tyrosine residue [74]. Phosphoproteomics is an important branch of proteomics that can
provide additional insight about protein function, such as identification of drug targets within signal
transduction pathways. Phosphoproteins in the sample are enriched using affinity purification
followed by mass spectrometry [75].

2.5. Glycoinformatics

More than half of all proteins are also thought to be glycosylated, in which a sugar moiety called
a glycan is attached to an asparagine (N-linked glycoproteins) residue or to a serine or threonine
residue (O-linked glycoproteins) [76] Glycosylation plays underappreciated roles in protein folding,
cell-cell interactions, and immune regulation, and aberrant glycosylation has been implicated in
autoimmune diseases and cancer [77].

Glycomics is the study of the diversity of glycan structures, while glycoinformatics is a branch
of bioinformatics tasked with the storage, visualization, and analysis of glycan data. Unlike genes
and proteins, glycans cannot be encoded directly as a linear sequence but rather is formed by the
coordinated activity of numerous glycosyltransferases in different compartments within the cell.

Glycan structures are determined by releasing, labeling, and separating glycan chains followed
by mass spectroscopy or nuclear magnetic resonance spectroscopy and comparing spectra with
known glycan databases such as GlyTouCan [78] and UniCarbKB [79]. Lectin arrays are another
approach to glycan identification, which takes advantage of the high binding affinity and specificity
of lectins for specific glycan structures [80]. A number of databases and tools attempt to integrate
glycan data, including GlycoPOST [81], the GlyCosmos Portal [82], GlyGen [83], and
Glycomics@Expasy [84].

2.6. Metabolomics

If a cell’s DNA represents the backdrop and the RNA and proteins the actors, then the cell’s
metabolites are the dialogue of a given scene. Metabolomics is the comprehensive analysis of
metabolites in a specimen, yielding unprecedented insight into internal biochemical activity and
“chemical fingerprints” of cellular processes [85]. Metabolites are small molecules that often serve as
intermediates or end products in metabolic pathways, including simple sugars, fatty acids, amino
acids, nucleotides, vitamins, and organic acids. Of particular concern in capturing metabolomics data
is rapid collection and storing of samples to preserve the state of metabolic reactions. A combination
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of polar and non-polar solvents, filtration, centrifugation, separation by chromatography or
electrophoresis, and chemical modification to improve volatility or stability may be needed to extract
biochemically diverse metabolites. Identification involves mass spectrometry or nuclear magnetic
resonance and comparison of peaks against known spectra and annotation using databases such as
the Human Metabolome Database [86] and the Small Molecule Pathway Database [87]. Experimental
data is also contained within the MetaboLights database [88].

2.6.1. Lipidomics

While metabolomics mainly focuses on hydrophilic polar compounds, lipidomics is a branch of
metabolomics that focuses on hydrophobic nonpolar compounds such as fatty acyls,
glycerophospholipids, sphingolipids, and other lipids [89]. Tools for lipidomics analysis include
Mzmine [90] and MS-DIAL 4 lipidome atlas [91]. Metabolites may be labeled with identifiers from
HMDB, KEGG, and ChEBI, but lipids such as triacylglycerols, diacylglycerol, phosphatidylcholine,
phosphatidylethanolamine, may be sub-classified further based on the number of carbons and double
bonds, e.g.,, PC(40:5). MetaboAnalyst [92] and MetaboDiff [93] are popular tools for differential
metabolomics analysis.

2.7. Single-Cell RNA Sequencing

Bulk RNA sequencing is efficient in terms of the scale of sequencing but discards all information
about spatial context and variation among cells of the same or different type [94]. This is particular
limiting in the analysis of complex samples such as blood and tumor samples.

Even with bulk sequencing, it has long been possible to use barcodes to separate reads based on
lane, and single-cell sequencing extends this approach to label individual cells prior to sequencing
[95]. First samples are digested and filtered to isolate individual cells. Early methods involved
distributing cells within wells on a plate, but newer methods capture cells using microfluidic droplets
along with beads containing barcodes and unique molecular identifiers (UMIs). The barcode
identifies the cell, while the UMI serves to identify transcripts prior to amplification. Amplified
cDNA is sequenced together and then demultiplexed, providing simultaneous sequencing of tens of
thousands of cells. As cells are sequenced individually using arbitrary identifiers, it is necessary to
use dimension reduction techniques such as T-SNE or UMAP to identify cell clusters for further
analysis based on a selected resolution. Although scRNA-Seq is a powerful and increasingly widely-
used technique, isolating and labeling individual cells poses practical quality control challenges. Both
the sample volume and the number of beads are maintained at relatively low values to reduce the
frequency of doublets (wells containing more than one cell or bead).

Although similar in principle to the tools for bulk RNA-Seq, scRNA-Seq has resulted in the
development of numerous toolkits for analyze single-cell data. scDblFinder can be used to remove
doublets [96], and SingleCellExperiment [97] is a Bioconductor package that can be used to organize
experimental data. Seurat [98] is a popular R library for single-cell, spatially resolved, and integrative
multimodal analysis. In a typical Seurat workflow, scRNA-Seq data can be downloaded from a public
repository, filtered interactively based on sequencing depth, level of mitochondrial DNA, and cell-
to-cell variability, normalized and scaled, assigned to clusters, and prepared for differential gene
expression analysis. Similarly, SCANPY is a Python toolkit for analyzing scRNA-Seq data and
includes methods for preprocessing, visualization, clustering, and differential expression analysis
[99]. Although single-cell methods are not able to incorporate spatial data, tools such as Monocle3
[100] can analyze trends over “pseudo-time” using trajectory analysis, useful in studies involving
stem cells, for example, in which changes in gene expression profiles among cells reflect underlying
transitions in state.

Chromatin accessibility can also be analyzed at single-cell resolution using single-cell assay for
transposase-accessible chromatin sequencing (scATAC-seq) with support from tools such as Signac
[42], SnapATAC [101], Scregseg [102], and ArchR [103].

2.8. Spatially Resolved Transcriptomics
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Even though single-cell RNA sequencing provides high resolution data at the level of individual
cells, it shares one of the same limitations of bulk RNA sequencing: it discards information about the
spatial orientation of cells. In some cases, this can affect the interpretation, such as when examining
the tumor microenvironment [104], and in tissues such as liver sinusoids, in which hepatocyte activity
varies across a gradient from the portal vein to the central vein [105]. Spatially resolved
transcriptomics is a flexible technique that can be used to compare gene expression at the level of
small clusters of cells, at single-cell resolution, and even subcellular resolution to reveal variation in
transcript abundance within different regions of a single cell. Several methods have been developed
to incorporate spatial data into the gene expression analysis. For example, RNA molecules can be
directly labeled within tissue sections using multiplexed error-robust fluorescence in situ
hybridization [106]. Alternatively, tissue samples can be mounted to a glass slide with the spatial
coordinates of each region encoded within barcode adapters using the 10x Genomics Visium
platform. Hybrid techniques such as Nanostring GeoMX can simultaneously profile RNA and
proteins using oligonucleotide tags. Seurat and Scanpy can also be used to analyzed spatially
resolved transcriptomics data, and a number of other R and Python tools and frameworks have been
developed, including Squidpy [107], Giotto [108], SPATA2 [109], SpatialDE [110], and BayesSpace
[111]. Single cell and spatial bioinformatics still face a number of hurdles in terms of cost and
complexity and the need for specialized equipment and workflows. Bulk sequencing may yield better
results for homogeneous or delicate samples as well as for examining novel transcripts and genes
with low levels of expression, but adoption of single cell and spatial methods will continue to grow.

3. Multi-Omics Methods

In the transition from microarrays to RNA-Seq, differential gene expression data is often
reported alone as a single-omics study, whereas studies incorporating alternative omics methods
such as proteomics and metabolomics often anticipate the logical follow-up question of how observed
changes relate to underlying patterns of gene expression. However, researchers may be uncertain
how to combine multi-modal data and report them as standalone results. The introduction of single-
cell and spatially resolved methods has further exacerbated this difficulty by including additional
levels of information that should be taken into account. The challenge of multi-omics is that adding
more data is just as likely to obfuscate the underlying signal as it is to clarify it. In the ideal case of
vertical integration, multiple forms of omics data are collected from the same samples, but it should
also be possible to analyze data collected using different samples (horizonal integration) or even
different types of omics methods on different samples (diagonal integration).

3.1. Statistical Approaches to Multi-Omics Analysis

There are many approaches to integration of multi-omics data, but a common theme is to extract
higher-level representations using dimension reduction techniques. Methods such as hierarchical
clustering, K-nearest neighbors, t-SNE, and UMAP help to simplify analysis and visualization of
high-dimensional data and reveal clusters and outliers. The naive approach to integrating different
forms of omics would be to treat the combined data as additional columns in the table in the same
way as increasing the number of probes on a microarray, but this approach has a number of statistical
pitfalls due to fundamental incompatibilities among the data collected using different omics
technologies. However, latent factor analysis using methods such as canonical covariance analysis
(CCA), principal components analysis (PCA), and non-negative matrix factorization (NMF), provides
a statistically sound way to integrate different forms of data in by reducing the dimensionality of
each data set into representative factors based on joint and omics-specific sources of variation. For
example, CCA maximizes the correlation among linear combinations of variables between two
datasets, while the canonical correlations indicate how much of the variation in one form of omics
data is explained by the other. Regardless of the method, preprocessing is an essential step and may
involve normalization, scaling, dimension reduction, imputation and filtering. Preprocessing tools
are often included with the analysis frameworks but are also available as standalone tools such as
MultiAssayExperiment and OmicsData. While examination of differentially expressed genes or
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proteins/metabolites can be used to identify biomarkers in single-omics analysis, an advantage of
CCA is that canonical loadings can be used to identify biomarkers that are informative across
molecular levels.

3.2. Partial Least Squares Integration Using mixOmics

MixOmics implements a number of vertical and horizontal multi-omics integration methods as
well as offers guidance on how to select the most appropriate approach depending on the goals and
limitations of the study [112]. For example, the multivariate integration (MINT) framework can be
used to combine multiple datasets that involve the same omics method. Multigroup sparse partial
least squares (sPLS) is an unsupervised method, whereas multigroup sparse partial least squares
discriminant analysis (sPLS-DA) is a supervised method used for classification. For vertical
integration with multi-omics data collected from the same samples, multiblock sPLS can be used for
unsupervised analysis, while multiblock sPLS-DA (nicknamed DIABLO) is suitable for supervised
analysis.

3.3. Multi-Modal Weighted Correlation Network Analysis with MiBiOmics

However, this table-based method is not the only approach. MiBiOmics [113] extends the
weighted gene correlation network analysis concept in the WGCNA package to support both
proteomics and metabolomics data sets. Eigen-genes, eigen-proteins, and eigen-metabolites
constitute a form of dimension reduction within each omics type by highlighting genes, proteins, and
metabolites that best represent a cluster of highly correlated markers within each data set. MiBiOmics
then takes this a step further by examining the correlations among each set of eigen-markers,
revealing cross-omics patterns. The method is unsupervised but modules can be plotted with user-
provided sample data to identify potentially interesting biomarkers. The method also helps to
visualize the relationship between omics source and class data and uses multiple co-inertia analysis
to identify highly influential biomarkers [114].

3.4. Pathway-Based Multi-Omics Analysis

Nonetheless, a key limitation of these methods is that they ignore the biological context. There
are benefits to detecting correlations among cross-omics biomarkers based only count data, but other
approaches seek to take into account known functional associations between biomarkers. Tools such
as Pathway Commons, PaintOmics [115], and Cytoscape plugins such as cytoscapeOmics and
OmicsNet support multi-omics analysis based on biological pathways [116].

3.5. Cloud-Based Tools

Of the multi-omics tools discussed so far, MiBiOmics has an advantage in ease-of-use as a web-
based tool. Laboratories often outsource omics data collection and receive a detailed, high-quality
analysis of the single-omics results. However, they may the struggle to perform multi-omics analysis
themselves and may look to web-based tools as a first step before committing to locals tools with a
steeper learning curve. However, MiBiOmics, for example, is not particularly intuitive, requires data
to be uploaded in a specific format. It also lacks persistent sessions, a distinct disadvantage in the
case long-running analyzes. Galaxy has long been used for online analysis of bioinformatics data and
includes workflows for quality control, integration, and analysis of multi-omics data (The Galaxy
2024). Mergeomics is another web-based tool but is oriented more for disease-association studies such
as genome-wide association studies, transcriptome-wide association studies, etc. to identify key
drivers and predict drug targets [117]. OmicsNet [118] is a network-based tool that provides 2D and
3D graph layouts and provides support for SNP data, from microbiome profiling taxon data, and
metabolomics LC-MS peaks data. PhenoMeNal [119] is cloud-based multi-omics platform with
support for metabolomics data. The Analyst Suite is a recent multi-omics extension of the popular
MetaboAnalyst metabolomics tool [120]. Commercial tools include the Illumina BaseSpace Sequence
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Hub and Correlation Engine, the Seven Bridges Genomics platform, Google Cloud Life Sciences,
AWS Genomics, Microsoft Azure for Genomes, and DN Anexus Apollo.

3.6. Locally-Installed and Desktop Multi-Omics Tools

Moving away from the cloud, installation and use of multi-omics software on the desktop
becomes more challenging and/or expensive, although several commercial desktop suites are
available, including CLC Genomics Workbench, Partek Genomics Suite, DNASTAR Lasergene,
Agilent GeneSpring, OriginPro, and SIMCA. However, aside from the licensing costs, use of
commercial desktop tools often requires a powerful desktop computer or workstation and limits
portability and collaboration. Commercial tools provided by the omics vender likely provides access
to features not available in open source tools, but such tools are also likely to lag behind the rapid
pace and innovation of open source software. OmicsSuite aims at this middle ground with an open
source desktop application that provides an interface for 175 analysis tasks and integrating more than
300 R and BioJava packages [121].

3.7. Libraries and Command Line Tools

Over time, bioinformaticians are likely to assemble ad hoc pipelines ranging from RMarkdown
or Jupyter notebooks to Docker containers, Bash scripts and Snakemake or Nextflow workflows
running on AWS or a cluster or supercomputer orchestrated using a grid engine like SLURM. In
short, bioinformaticians often prefer using open source Linux command line tools and libraries
written in e.g., C++, R, Python or Java that can be chained together and automated in a flexible and
reproducible way.

In this context, MixOmics, MiBiOmics, Mergeomics, and OmicsNet all provide R packages or
source code, allowing them to be run as part of a workflow, and a vast number of other libraries and
packages have also been published. Among the most popular are MOFA2 [122] for multi-omics
analysis and MOFA+ [123], which supports single-cell analysis, IMPALA [124], and NetZoo [125].
Other tools include MEFISTO [126], MOMA [127], Omics Notebook [128], Omics Playground [129],
SMITE [130], DeepMO: [131], MUON [132], Miodin [133], OmicsIntegrator [134], MOGSA [135],
MOGONET [136], and JIVE [137].

3.8. Public Repositories Containing Multi-Omics Data

It is probably safe to assume that data submitted to public repositories still contains interesting
findings yet to be found. A number of databases now provide well-annotated data for two or more
types of omics methods that can be used for multi-omics analysis, including the ENCODE database,
the Cancer Genome Atlas (TCGA) [138], the Human Cell Atlas, the Human Protein Atlas, Gene
Expression Omnibus, the Proteomics Identifications Database, ArrayExpress, LinkedOmics, the 1000
Genomes Project, the Clinical Proteomic Tumor Analysis Consortium (CPTAC), the Molecular
Taxonomy of Breast Cancer International Consortium (METABRIC), and the CellMiner NCI-60 cell
line database [139].
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4. Discussion

There is no guarantee that gathering more and different types of data will make a problem easier
to solve, and rapid expansion of the omics portfolio brings with it a new set of challenges [140]. Many
multi-omics studies likely either become bogged down in analysis paralysis, lost down a rabbit hole
of competing tools and methods, or publish too quickly after only a superficial analysis that fails to
detect important cross-omics patterns. Both cases represent missed opportunities that tool developers
should strive to help avoid by focusing on streamlining the most common use cases and identifying
unmet needs among end users. However, while making tools easier and more robust to use will
benefit users, ease-of-use is less important than giving users confidence in being able to use the tools
and interpret the results, especially when challenged during peer review or a doctoral examination.
Open source tools are much less likely to provide up-to-date tutorials, realistic sample data,
walkthroughs, cookbooks, videos, frequently asked questions, etc. in the way that commercial tools
do, nor are they as likely to include rigorous testing and user input validation to ensure that user data
satisfies assumptions made by the software. This is unfortunate as these tools often represent the
cutting edge and are sometimes provided as reference implementations of novel algorithms that are
eventually incorporated into commercial tools.

Tool developers could also help to improve the design of experiments by providing guidance
on how many samples are needed, such as in the MultiPower tool [141], and encourage best practices
for handling of normalization, standardization, imputation, variance stabilization, multicollinearity,
library size effects, minimum variance thresholds, technical variability, batch effects, outlier
detection, independence, confounding, benchmarking, ground truth, and false discovery rate.
Effective multi-omics analysis can also be waylaid by misunderstandings regarding nomenclature
and ID mapping among databases as well as the differences between hypothesis generation versus
validation, a priori versus a posteriori tests, and supervised versus unsupervised methods.
Developing integrated tool suites and well-supported best practices similar to the GATK should help
researchers to publish meaningful and reproducible studies.

5. Conclusions

The future of bioinformatics appears encouraging, with rapid innovation in the diversity and
resolution of omics data and the development of new analysis tools. The next stage will likely see
rapid growth of multi-omics databases and greater flexibility for end users through cloud-based tools
based on open source R and Python packages and improved reproducibility and scalability using
Docker containers, Jupyter notebooks, and workflow scripts. Considering the enormous impact that
artificial intelligence and deep learning methods have had in nearly every field, the use of Al in
bioinformatics is also increasingly widespread, marking important advances in gene prediction,
variant calling, literature mining, and drug discovery, etc. [142]. The adoption of deep-learning
approaches may be difficult to distinguish from more traditional multivariate analysis methods
already in use, but the breakthroughs achieved by AlphaFold2 will likely to inspire a rapid wave of
innovation in this area. One of the most exciting areas of Al adoption is radiomics, in which deep
learning features extracted from medical imaging data such as MRI, CT, and PET are combined with
clinical data and other omics data to yield unprecedented insight into disease and clinical outcomes
[143]. Ultimately, the goal of multi-omics is to provide a more nuanced insight into the incredible
complexity of the world within the cell. At first glance, the image appears obscure and
incomprehensible, but like shadows on a screen, it is often a matter of perspective.
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