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Single-platform ‘multi-omic’ profiling: unified
mass spectrometry and computational workflows
for integrative proteomics–metabolomics analysis

Benjamin C. Blum, †ab Fatemeh Mousavic and Andrew Emili *abcd

The objective of omics studies is to globally measure the different classes of cellular biomolecules

present in a biological specimen (e.g. proteins, metabolites) as accurately as possible in order to

investigate the corresponding ‘states’ of biological systems. High throughput omics technologies are

emerging as an increasingly powerful toolkit in the rapidly advancing field of systems biology, enabling

the systematic study of dynamic molecular processes that drive core cell functions like growth, sensing,

and environmental adaptation. Advances in high resolution mass spectrometry, in particular, now allow

for the near comprehensive study of cellular proteins and metabolites that underlie physiological

homeostasis and disease pathogenesis. Yet while the expression levels, modification states, and functional

associations of diverse molecular species are now measurable, existing proteomic and metabolomic data

generation and analysis workflows are often specialized and incompatible. Hence, while there are now

many reports of ad hoc combinations of unimolecular proteomic and metabolomic workflows, only a

limited number of multi-omic profiling approaches have been reported for obtaining different molecular

measurements (proteins, metabolites, nucleic acids) in parallel from a single biological sample. Moreover,

elucidating how the myriad of measured cellular components are linked together functionally within the

metabolic processes, signal transduction pathways, and macromolecular interaction networks central

to living systems remains a massive, complicated, and uncertain endeavor. Presented here is a review

of convergent mass spectrometry-based multi-omic methodologies, with a focus on notable recent

advances and remaining challenges in terms of efficient sample preparation, biochemical separations,

data acquisition, and integrative computational strategies. We outline a unifying network-based

integrative framework to better derive biological knowledge from integrated profiling studies with the

goal of realizing the full potential of multi-omic data sets.

Introduction

The omics revolution is helping to advance discovery science
and basic mechanistic understanding of biological systems,
starting with the major sequencing-based omics technologies,
genomics and transcriptomics, and continuing with proteomics
and metabolomics. These include steady advances in precision
mass spectrometry that allow for highly sensitive, rapid, and
accurate identification and quantification of thousands of cellular
proteins, post-translational modifications (e.g. phosphorylation

sites, glycosylation) and metabolites in a single analysis. Yet
while progress continues inexorably in each of these domains,
the throughput, community adoption, and utility of proteomics
and metabolomics techniques has lagged behind that of
nucleic-acid-based molecular profiling methods. In part, this
reflects the inability to amplify relevant molecules in a manner
analogous to polymerase chain reaction amplification, but also
to experimental inefficiencies and the lack of standardization
of extant analytical workflows.

In principle, mass spectrometry-based proteomics and meta-
bolomics studies are capable of generating near-comprehensive
measurements of proteins and metabolites in parallel, providing
valuable insights into the molecular mechanisms and dynamics
of biological processes that could only otherwise be inferred in
an indirect and error-prone manner from mRNA transcript
levels.1 Multi-omics have the potential to reveal the fundamental
molecular logic coupling signal transduction, cellular metabolism,
and phenotype determination.2 Mass spectrometry is exceptionally
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well suited for the parallel analysis of protein and metabolite
biomolecules, especially in light of recent engineering advances
in high performance instrumentation and the accompanying bio-
chemical sample separation techniques (e.g. chromatography) that
work consistently well across diverse molecular types (Table 1).3–5

Proteomics research laboratories have largely moved to apply
tandem mass spectrometry together with nanoflow liquid chroma-
tography (nLC-MS) as the primary analytical platform of choice for
global protein, peptide, and post-translation modification analysis
to achieve optimal detection sensitivity.6 In contrast, metabolomics
laboratories are largely wedded to traditional higher analytical flow
rates for LC-MS, along with a constellation of alternate robust
technologies such as nuclear magnetic resonance spectroscopy
(NMR), gas chromatography mass spectrometry (GC-MS), and
capillary electrophoresis mass spectrometry (CE-MS), in part due
to the greater chemical diversity and biophysical properties
of metabolites as compared to polypeptides.7–10 Utilization of
multipronged approaches allows metabolomics specialists to
obtain more inclusive information about the metabolome over a
wide range of biological samples. However, operating many
instruments in parallel adds to expense and among all of these
competing methods, LC-MS is the most versatile technique in
terms of sensitivity, selectivity, speed and reproducibility, capable
of providing routine and widespread metabolite coverage.11–13

The appeal of multi-omics studies is compelling: a deeper and
better informed understanding of important biological processes,
pathways, and functional modules can only be obtained through
the combined investigation of the genome, transcriptome,
proteome, and metabolome.14 In this review, we summarize
the application of combined LC-MS-based proteomics and meta-
bolomics workflows, covering sample preparation, data acquisi-
tion and instrumentation, statistically-driven data processing,

and integrative multi-omics computational data analysis using
pathway and network-based modelling to further understanding
of the network systems underlying biological processes and
disease phenotypes (Fig. 1).

Sample preparation

Most existing LC-MS based strategies reported to date for
the parallel analysis of the proteome and metabolome are
unimolecular approaches.6–10 In these studies, molecular
extraction and analysis workflows are performed independently
for both proteomics and metabolomics measurements on
unique replicate samples using different LC-MS techniques.
However, utilizing methods that perform simultaneous mole-
cular extractions from a single sample minimizes experimental
variation and reduces the amount of sample consumed and the
number of handling steps performed during sample preparation.15

This is especially valuable in cases where the biological samples
being study are patient-derived, extremely limited, or otherwise
hard to generate or obtain.

Proteomics and metabolomics sample extraction

All methods of sample preparation and extraction have signifi-
cant downstream effects for omics studies.16 Preparation
methods and omics techniques have inherent biases and each
additional step introduces possible sources of variation.
A sample preparation method for extracting proteins and
metabolites from the same biological sample must be compa-
tible with both classes of biomolecules and produce sufficient
yield to be practical.17 During sampling and sample prepara-
tion, the state of the biological sample must be fixed or

Table 1 Summary of current major omics techniques, their advantages, limitations, and ability to support multi-omics analysis. Next generation
sequencing is well suited for multi-omics analysis and large sample sizes but utility is limited to nucleic acids. HPLC-MS is suitable for a wider range of
biomolecular types but consumes large sample quantities. GC-MS, CE-MS, and NMR are excellent for characterization of a wide range of metabolites,
but throughput is limited and it is costly to run these three instruments in parallel. Finally, nLC-MS is well suited for multiple major omics-analysis, has
moderate throughput, and is well suited for applications where sample is limited. (MS: mass spectrometry, HPLC: high pressure liquid chromatography,
GC: gas chromatography, CE: capillary electrophoresis, NMR: nuclear magnetic resonance, nLC: nano-liquid chromatography)

Omics
technique Advantages Limitations

Practicality for
multi-omic profiling

Sequencing � Massively parallel, high throughput. � Low molecular diversity: nucleic acids only. High:
� Amplification of low abundance
features possible.

� Genomics

� Transcriptomics
� Epigenomics

HPLC-MS � Wide molecular diversity. � Relatively high sample material required. Moderate:
� Relatively robust. � Low sensitivity. � Proteomics

� Metabolomics

GC-MS � Capable of characterizing volatile analytes. � Limited molecular diversity. Low:
CE-MS � Lower cost compared to LC-MS. � Metabolomics

NMR � Non-destructive. � Lower sensitivity. Low:
� Simplified sample preparation. � Low molecular diversity: metabolites only. � Metabolomics

nLC-MS � High sensitivity. � Lower throughput than next generation sequencing. High:
� Relatively high molecular diversity. � Proteomics
� Low sample material requirements. � Metabolomics
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preserved as much as possible in order to maintain the infor-
mation contained within a sample.18 This is a challenge due to
rapid induction of metabolic stress, degradation, and dynamics
of protein modification.

Quenching cell metabolism is critical to capture metabolic
pathways in a state reflective of biology rather than the sample
preparation method. Low temperature steps (e.g. cold solvent
addition, and freezing in liquid nitrogen), addition of acid, or
rapid heating are frequently used to accomplish this goal.
Reports show some loss or degradation of metabolites with
freezing but this phenomenon is more pronounced in protocols
with the addition of acid or fast heating.19–23 High temperature
methods also degrade proteins and are not compatible with
proteome analysis.24

Experimental procedures have been reported that discretely
target proteins and metabolites through sequential or parallel
experiments.14 These reports follow standard protocols introduced
for the individual extraction of the proteins or metabolites.16,25

However, for metabolomics sample preparation, there is the
additional challenge created by the greater diversity of physical
and chemical properties of molecules, which are not easily
isolated with a single method.18,26 Protocols used for metabolite
extraction from complex biological matrixes, such as biological
fluids, tissue, cell pellets, and cell media, separate metabolites and
perform pre-concentration prior to analysis. In order to reduce or
eliminate matrix effect, metabolites are separated from salts and
macromolecules, such as nucleic acids and proteins.26–29 Liquid–
liquid extraction (LLE), solid phase extraction (SPE), protein
precipitation, dialysis, and ultrafiltration are common methods
used for metabolomics sample preparation.30–33

LLE is the most widespread extraction procedure in inte-
grated one-pot methods of proteomics and metabolomics
analysis. Cold extraction (�20 1C), using solvent, combines
the quenching and extraction steps, in addition to facilitating
cell lysis. In the case of tissue extraction, the frozen tissue
preserved in liquid nitrogen, must be homogenized to a fine
powder by grinding using vibration mills, vortexing, mixing

with beads made of an inert material, or homogenization of the
tissue in a solvent using blenders.34–37 In order to extract
hydrophilic metabolites, isopropanol, ethanol, methanol,
acetonitrile, water, or a mixture of these solvents can be used.
Non-polar metabolites are mostly extracted by ethyl acetate or
chloroform.38 When a mixture of polar and non-polar extrac-
tion solvents is used for separation, biphasic fractionation of
metabolites into aqueous and lipophilic layers is possible, and
the extracted metabolites can be analyzed discretely.37,39,40

For integrative proteomics and metabolomics from a single
sample, a good starting point is protein precipitation and
metabolite depletion from the whole sample using organic
solvent.16 After addition of the extraction solvent, metabolites
may be isolated in the supernatant, while the remaining cell
pellet is used for protein extraction.41 Sample preparation for
bottom up proteomics must include chemical or enzymatic
protein digestion to peptides prior to LC-MS analysis.42

Coman et al. presented a simultaneous metabolite, protein,
and lipid extraction protocol, referred to as SIMPLEX, as a
combinatorial multi-molecular omics approach for the quanti-
tative investigation of metabolites, lipids, and proteins from a
single mesenchymal cell line. This study subsequently involved
LC-MS analysis and resulted in novel biomarkers associated
with Huntington’s disease.15 In this study, separation of each
molecular fraction started with metabolite extraction by cycles
of methanol suspension and freeze–thaw. Then, sonication
steps were used for separation of lipids and protein molecules.
Established mass spectrometry techniques resulted in identifi-
cation of 75 metabolites, 360 lipids and 3327 proteins from 106

mesenchymal stem cells. Importantly, results obtained from
the optimized protocol were comparable with previously
reported unimolecular methods for metabolomics, proteomics,
and phospho-proteomics analysis with regards to method sensi-
tivity, reproducibility, and performance.

There are few methods reported for simultaneous extraction
of DNA, RNA, proteins and metabolites from a single biological
sample.16 Weckwerth et al. optimized a novel extraction

Fig. 1 Multi-omics analysis. (A) Different omics techniques allow for the simultaneous measurement of many features of a certain molecular type within
biological samples. (B) Established computational tools perform differential analysis or feature selection, which may provide useful information about
individual features, and is often combined with enrichment analysis to find over-representation of pathways or processes. (C) Network analysis takes
advantage of known molecular interactions to model dynamic biological systems.
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protocol for sequential extraction of metabolites, proteins, and
RNA from the same plant tissue for subsequent GC-ToFMS
analysis for metabolites, and LC� LC coupled to MS for protein
analysis. Plant tissue was homogenized under liquid nitrogen
by grinding. Metabolites were extracted with a cold solvent
mixture of methanol, water, and chloroform, which resulted in
identification of 652 metabolites after precipitating DNA/RNA,
and 297 proteins.35

Vorreiter et al. optimized a method for simultaneous
extraction of nucleic acids, proteins, and metabolites from
Jurkat E6-1 cells and Hepa 1c1c7 cells and compared the results
with those obtained with unimolecular extraction methods.43

The study examined DNA and RNA quality and quantity,
proteome coverage, and identification of hydrophilic meta-
bolites involved in central carbon and nitrogen metabolism.
The sample procedure that provided the best coverage for
all four omics studies involved extraction of mainly polar
metabolites using a solvent mixture of water, methanol, and
chloroform. The resulting pellet was treated by water saturated
phenol for RNA, DNA, and protein extraction. The RNA and
DNA phases were separated using chloroform and protein
precipitation was performed. Proteins were re-suspended in
urea and enzymatic digestion was used for subsequent peptide
analysis. The best results showed 35 metabolites and 870
proteins from 107 Jurkat E6-1 cells, and 23 metabolites
and 1023 proteins detected for Hepa 1c1c7 cells. One of the
important advantages of this method was the RNA and DNA
separation from proteins that reduced complexity of protein
mass spectra and permitted integration with transcriptomics
and genomics studies.

Sample enrichment and fractionation

Selective protein enrichment from complex proteomics fractions
is possible and particularly useful depending on the questions
being addressed in a study. For example, affinity capture of
phosphoproteins is commonly performed using metal chelate
(e.g. TiO2) beads to selectively explore the differential activation
state of protein kinases, enzymes and other regulatory proteins
in signaling pathways.44,45 Biochemical fractionation methods
have also been devised for the enrichment of protein glycosyla-
tion, ubiquitination, and other post-translational modifications,
or the isolation of protein subcellular compartments to define
organelle functional associations.46,47 All of these layers are
important determinants of cell signaling, disease pathogenesis,
and other biological processes. In some cases, advances in high
resolution mass-spectrometry are reducing the need for further
extensive enrichment to achieve deep proteome coverage.48

One of the most important considerations for an integrated
workflow based on nLC-MS is susceptibility of microbore
columns to blockage, particularly during metabolomics analysis,
which can degrade column performance and lifetime due to
presence of particulates and insoluble salts.41 Mobile phase
optimization to account for hydrophobic molecules may be
beneficial and high concentration sample extracts show increased
reproducibility and wider metabolome coverage when exten-
sive sample cleanup and fractionation is performed prior to

nLC-MS analysis. For example, solid-phase microextraction
(SPME) can help remove particularly challenging components,
such as phospholipids. Lyophilization conjugated with SPE has
been applied for yeast metabolomics analysis.49 Commercial
lipid depletion kits for the selective removal of phospholipids
can also increase chromatographic column lifetime while
reducing ion suppression prior to nLC.41,50 Column trapping is
another method applied for metabolomics analysis in order to
load a larger volume of sample while removing salts and other
contaminants.51

Sample pre-fractionation and labeling

Proteomics studies frequently involve sample pre-fractionation
steps to increase proteome coverage by nLC-MS.45 Protein
separation and/or enrichment using offline fractionation
techniques, such as gel electrophoresis, HPLC, and affinity
capture are common. Where analytical chromatography is
used, an orthogonal method is usually performed to comple-
ment the standard (reverse phase) separations used in LC-MS.
While high resolution can be achieved under denaturing con-
ditions using hydrophilic interaction chromatography (HILIC)
and high pH reverse phase chromatography, non-denaturing
ion-exchange and mixed mode chromatography can also be
effective depending on study goals, such as the isolation and
characterization of intact native macromolecular complexes.42

To improve instrument time efficiency to offset the added
number of samples originating from pre-fractionation, stable
isotope chemical labeling may be used for fraction multiplexing
prior to LC-MS. Metabolic labeling can also be performed to
improve relative proteome quantification and multiplexing
analysis. It is also possible to perform flux analysis using
metabolic labels, for example in a pulse-chase experimental
design.51,52

Data acquisition and feature
identification
Mass spectrometry data acquisition

Given nLC-MS is widely and successfully applied in proteomics
research labs, there is significant interest in adapting the same
technology for metabolomics analyses to enable combined
proteomic and metabolomic studies using the same platform.17

Recently, nLC-MS workflows have been reported for use in more
targeted metabolite and small molecule analyses, including the
detection and quantification of amino acids, fatty acids, lipids,
prostaglandins, di/tripeptides, steroids, vitamins, nucleic acids,
xenobiotics and, less frequently, in global metabolomics surveys
of urine, plasma and cell samples.53,54 Nanoflow techniques do
pose challenges beyond column blockage; for example, electro-
spray ionization in negative mode is complicated by reduced
solvent desolvation and electrical discharge.11

While HPLC-MS is widely used for high-throughput untargeted
metabolomics analysis, matrix effects and poor ionization
efficiency due to ion suppression may produce lower sensitivity
and restrict detection to highly abundant metabolites.55,56
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This limitation has motivated the use of nLC-MS for meta-
bolomics, too. Nanoflow HPLC columns with internal diameters
between 10 to 75 mm and flow rates of 10 to 500 nL min�1

offer lower chromatographic dilution, enhanced peak capacity,
resolution and detection sensitivity.57,58 Nanoflow also pro-
vides improved analyte pre-concentration and more efficient
introduction of biomolecules via electrospray ionization (ESI)
to the MS system as compared to conventional high flow LC-MS
systems.59–62 Compared to conventional HPLC-MS, nLC-MS
systems are up to 2000 times more sensitive, while achieving up
to a 300-fold lower limit of detection and limit of quantification.63,64

In cases where specimens are limited, nLC-MS is also beneficial
because it requires less sample, though reproducibility and speed
may be compromised as compared to HPLC. It is possible to
use both HILIC and RP chromatography for nLC-MS based
metabolomics profiling; however, running samples in negative
ionization mode is more difficult for metabolomics studies
using nanoflow ESI.11,65

There are several methods used to produce consistent nano-
flow rates, including split flow, direct infusion, and direct flow.
Split flow was the first introduction of nLC, which utilized dual
HPLC pumps with a diverter that split the higher flow fluidics
to deliver nano-scale flow rates to the mass spectrometer.56

This results in about 99% of the sample and most of solvent
being lost to waste.66

Nanoflow direct infusion mass spectrometry has long been
successfully applied for metabolomics sample analysis from
many sample types, such as liver extracts, plasma, urine,
embryos, and Daphnia.57,67–74 These studies take advantage of
the high-throughput offered by direct infusion. However, the
absence of chromatography before MS enhances the matrix
effect and makes differentiation between isobars or isomers
impossible using this method.75–77

Nanoflow direct flow mass spectrometry analysis methods
may use nanoflow reciprocal or syringe pumps and micro-
fluidic flow.78,79 These methods improve compound retention
and spray characteristics of the nanoflow platform. Application
has been reported in metabolomics analysis of complex
samples such as plasma, tissue, urine, breath, sweat, cerebro-
spinal fluids and cell extracts.49,50,52,80–86 Deviation in back
pressure and surface tension due to variability in mobile phase
viscosities can create challenges in obtaining stable analyte
retention times, especially with gradient separations.87,88 Direct
flow is not as high-throughput as direct infusion, however,
direct flow does provide increased resolution via pre-mass
spectrometry separations without waste inherent with sample
split-flow. Nano-columns, up to 0.01 mm internal diameter, can
provide stable low flow gradients, reducing chromatographic
dilution while requiring low sample and mobile phase
consumption.89–91

There are many different types of commercial nano-columns,
including BEH C18, HSS T3, Acclaim PepMax C18, and ZIC-
HILIC. Different columns are often better suited to specific
molecular classes and column optimization is an important
step. In order to provide consistent separations of polar
metabolites, HILIC chromatography is often most effective.85

Different case studies evaluating distinct nano-columns for
metabolomics surveys have shown that the performance of the
analytical system increases by decreasing pore size even more
than is evident in proteomics applications. In comparison to
conventional HPLC with the same stationary phase, nLC shows
higher sensitivity and enhanced chromatographic resolution for
a wider range of small molecule metabolites, while co-elution
and ion suppression drop significantly.92,93

Two other parameters influencing the quality of the recorded
metabolomics data are retention time drift and peak intensity.
Methods and techniques should be optimized to improve reten-
tion time stability and minimize the coefficient of variation
(CV) between replicate analyses. Variation in peak intensity by
replicate nLC-MS analyses may be as high as 30%,94 and CVs
consistently less than 20% for targeted and untargeted meta-
bolomics analyses are difficult but not impossible to achieve by
nLC-MS.95 For example, a study using nLC-MS for yeast meta-
bolomics reported an average CV of less than 14%.69 The use of
internal standards may decrease CVs below 0.2%.41,50

Electrospray ionization (ESI) is the most common soft ioniza-
tion technique employed for proteomics.96 Nano ESI (nESI)
produces droplets up to 1000 times smaller than generated by
high flow ESI, which leads to improved evaporation, more
efficient sample transfer and potentially more ions detected.75

The best performing nESI sources use a smaller internal dia-
meter for higher ionization efficiency. Utilization of non-tapered
emitters with an internal diameter in the range of 10–30 mm
provides an adequate compromise between sensitivity, system
robustness, and sample consumption.97–101 Wider internal
diameters reduce potential clogging and facilitate more stable
ionization spray, resulting in more reproducible mass spectra
and ion chromatograms.

Both proteomics and metabolomics benefit greatly from
continued progress in LC-MS instrument engineering. High
resolution mass-spectrometers, with higher mass accuracy and
faster scan speeds provide more accurate, in-depth raw data.
Improving ion resolution and throughput facilitates better
feature identification and makes the analysis larger numbers
of sample feasible.102,103 While there remains a fundamental
trade-off between throughput and analysis depth and coverage,
high-resolutions systems enable acquisition of high quality
data from complex mixtures with even relatively short gradient
separations.

The sensitivity and throughput of mass-spectrometry-based
omics studies does lag considerably behind genomic and
transcriptomic sequencing technologies. This challenge makes
studies with large sample sizes difficult. While some large-scale
efforts, such as the Clinical Proteomic Tumor Analysis Con-
sortium (CPTAC), are addressing this shortcoming, proteomics
and metabolomics is still catching up to the massively parallel
nucleic acid profiling approaches in terms of ease of data
generation, standardization, and accessibility.104–106 Further
improvements in multiplexing, more rapid and standardized
separations, and improved mass-spectrometry scan speed and
automation will be important criteria for continuing to advance
the field.
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Proteomics and metabolomics raw data processing and feature
identification

Identifying features (cognate proteins/peptides and metabolites)
and abundance (relative intensities) from raw mass spectrometry
data files are fundamental steps in the analysis pipeline. The
process of converting MS precursor ion scans and associated
MS/MS fragmentation spectra into identified proteins and
metabolites is different for each data type and is addressed
using different software tools. For proteomics, the peptide/
protein search space is inherently limited by biology (genome of
the particular species) and chemistry (peptide bond constraints).
Peptide database files for many species are available for download
from sources such as Uniprot, and have well defined rules for
polymeric structure and fragmentation patterns.107 MaxQuant is a
popular and relatively easy to use full-featured tool, which runs
the Andromeda search engine as well as associated quantification
tools. Other powerful software tools for searching MS/MS spectra
data to identify peptides include the popular search engines
MS-GF+, Comet, SpectraST, Mascot, XTandem, MyriMatch,
Sequest, and Tide.108–114 Validation of peptide identification
is often estimated through empirical false discovery rate (FDR)
using a reverse ‘decoy’ database search.115,116 Many additional
tools are used to interface with these search engines, to assign
intensity values, and to format data for subsequent statistical
analysis.117–121 Several community tools, such as the Trans-
Proteomic Pipeline, Peptide Shaker, and OpenMS, offer added
functionality that improve overall performance, including per-
mitting running multiple search engines to compare and
compile results.114 Open-source software, such as OpenMS,
also provide powerful configurable features, while retaining
a simplified user interface even when running complicated
analysis pipelines.118

Metabolomics feature identification is a more difficult chal-
lenge in that the search space for identifications is much
greater due to the increased structural diversity. This is further
confounded by the detection of multiple alternately adducted
ion species by LC-MS, and the lack of constrained MS/MS
fragmentation rules, compared to polypeptides, which tend to
cleave in a more predictable manner. To address this gap, there
are efforts to compile compound spectral libraries containing
empirically derived or simulated metabolite spectra, along with
matching information regarding chemical composition, struc-
ture, and other annotations. Most notable of these databases
are PubChem, HMDB, and METLIN.122,123 METLIN has an
extensive library of experimentally defined MS2 spectra, while
HMDB features extensive compound annotation information
and, as of the most recent release, has made all curated
data, including spectral libraries, downloadable in open-
source formats. Unfortunately, the community still lacks a
common identification nomenclature for conversion between
resources, limiting their utility.

In principle, metabolite identifications may also be performed
through comparing MS/MS fragmentation patterns, isotope patterns
and retention times for reference standard compounds, though this
can be expensive and time-consuming. Surprisingly, many

putative human metabolites are not readily verifiable using
synthetic standards, suggesting a potentially major gap in
LC-MS assay design and detection reliability. Metabolomics
data can be noisy, leading to spurious compound assignments,
which heightens the need for confident metabolite identifica-
tions from features of interest.124,125 In order to achieve reliable
metabolite feature matching, planning the overall experimental
design, data analysis pipeline, and validation strategy in a
stringent manner early on in the project lifecycle is crucial.

Many open-source and commercial software tools are avail-
able for performing metabolomics spectral filtering, peak
detection, retention time alignment, and normalization. These
include MZmine, MS-DIAL, and R packages and associated with
the mzR parser, and other tools, like MAIT, that provide
additional functionality for routine detection of differential
metabolites from LC/MS-based metabolomics data.126–129

XCMS and MetaboAnalyst are also popular, user friendly
tools associated with the METLIN and HMDB databases,
respectively. Although available as stand-alone R packages,
powerful features like raw data file processing and pathway
enrichment analysis are only or most easily accessed via online
web-based versions of these tools, providing a hurdle for
integration into more advanced computational workflows.130–132

OpenMS likewise offers plugins for metabolite feature identifi-
cation that use advanced signal processing techniques to identify
features in raw data and permit the querying of public data-
bases to find matches based on exact mass and structural
fragmentation patterns.133

Despite these powerful resources, metabolomics feature
identification and quantification remain a challenge. Compared
to the thriving ecosystem of robust open-source sequencing
analysis tools, metabolomics and proteomics search tools tend
to be more closed and different algorithms often do not converge
to similar results with the same degree of confidence. Hopefully,
more robust, user-friendly, and open-source solutions will con-
tinue to advance this area of research.

Integrative multi-omics analysis
Normalization and feature selection

Proteomics and metabolomics generate a large amount of
complementary data that is potentially informative of the
activity of biological pathways but requires specialized mathe-
matical, statistical, and bioinformatics analysis strategies.134

In order to best leverage these overlapping signals to achieve a
more comprehensive understanding of biological systems,
integration of the omics data is an important and often under-
appreciated step. While there are now numerous omics data
analysis and integration tools for this purpose, each has various
strengths and limitations.

Processed raw LC-MS data usually is structured as a
matrix of features (i.e. proteins, peptides, or metabolites) and
biological samples, with their corresponding intensity values.
Tools and processes developed for interpreting other complex
data types, such as transcriptomics, have been adapted
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successfully for transformation and normalization of raw inten-
sity values.135 Feature selection is an important early step and
most often is performed by analyzing differences between two
or more groups (e.g. case versus control samples). R packages,
such as limma, have been well established for the use of
differential analysis for datasets with known phenotypes based
on linear models and other statistical criteria.136 Innovative
new tools are also rapidly advancing that are based on the
application of more advanced machine learning algorithms,
which are effective in cases with sufficient sample size, with the
caret R package and scikit-learn Python modules being among
the most commonly used.137,138

Enrichment analysis and pathway-centered visualization

More automated tools are also emerging that can integrate
feature selection with subsequent functional enrichment ana-
lysis. Gene Set Enrichment Analysis (GSEA), the Database for
Annotation, Visualization, and Integrated Discovery (DAVID),
and Enrichr are three widely used computational tools for
performing routine pathway enrichment analysis on omics
datasets. In the case of proteomics data, protein accessions
must be mapped to corresponding gene symbols.139,140 GSEA
requires java and is downloadable as both a desktop applica-
tion and for command line usage, DAVID is accessible as a web-
based tool, while Enrichr is available both as an online tool and
through an R interface package and python module to interface
with public pathway databases. Tools like the EnrichmentMap
app for Cytoscape can help simplify and visualize overall trends
among occasionally overwhelming enrichment results.141

Other computational tools have been developed to integrate
metabolomics data into the enrichment analysis. MetaboAnalyst
and XCMS Online both incorporate basic enrichment analysis
and omics integration tools along with their metabolomics search
software. The online versions of the software are not open-source
and pose challenges to incorporate into more extensive data mining
pipelines. MixOmics is an R package that includes functions
expressly optimized for the statistical analysis and visualization of
multi-omics data sets.142 3Omics is a web-based platform that
performs integration and joint visualization of parallel transcrip-
tomics, proteomics, and metabolomics datasets. Preprocessed
and normalized data can be submitted using a standard
comma-delimited.csv file format. Kuo et al. showed the utility of
3Omics for the integrative analysis of multi-omic human data.143

InCroMAP is another tool for the integration of disparate
omics-data sets144 that was successfully used for characteriza-
tion of biological pathways perturbed in a mouse liver tumor
model setting.145

Interaction-based network meta-analysis

While grouping features together based on available functional
annotations is a valuable and important analysis step, it does not
consider the relationships, or interactions, between different
molecules that are often necessary for executing biological
processes. Many public curation databases aggregate information
reported in the literature on molecular interactions, particularly
protein–protein and protein–metabolite interactions.123,146,147

iRefindex, for example, provides a comprehensive database of
protein–protein interactions aggregated from a number of
primary databases.148 Likewise, HMDB, STITCH, and Recon
all strive to provide protein–metabolite interaction information
in addition to charting metabolic pathways.

Omics integrator is an open source python tool that enables the
selection of ‘active’ network modules that show differential features
in overlays of omics data onto curated interactions from public
databases.149 The modules are selected from the larger interaction
network using a machine learning algorithm. In this way, the tool
accounts for changes in sets of interacting molecules with a reason-
able level of confidence even if not all of the partner components are
detected in the omics data sets. Pirhaji et al. described a more recent
extension called PIUmet, which uses protein–protein and protein–
metabolite interaction networks gleaned from public database to
inform the process of feature identification from metabolomics
data, in addition to the identification of relevant molecular inter-
action subnetworks.150 Unfortunately, PIUmet is proprietary and
access is currently only available online.

Currently, most enrichment and interaction-based analyses
heavily rely on annotation databases, which comprise another area
where advances may be made. The most complete and best-
annotated databases are determined based on genes, which
are useful in proteomics only after mapping identified protein
products to their corresponding cognate genes. As a result, the
underlying models tend to lose information regarding specific
protein isoforms, post-translational modification sites, and mole-
cular functions and associations. Continuing to build out and
improve the quality and breadth of integrative omics analysis tools
that exploit user defined protein–protein interactions, protein
modification sites, and protein–metabolite interaction information
will be an important endeavor to enhance the informativeness of
integrative studies. Where some analysis tools are currently capable
of incorporating known (curated) interactions into the multi-omic
pipeline, these models still represent an over-simplification of
complex biological network topologies. Details known to be impor-
tant for driving biological processes, such as macromolecular
structure, interaction binding kinetics, equilibrium states, and
spatiotemporal control, are not incorporated into most analyses.
Borrowing from the fields of Bioengineering and Physics, there is
hope for more advanced models of dynamical systems and their
application to omics data analysis to drive better understanding of
the molecular mechanisms driving cell biology.151,152 Developing
innovative computational tools to make the application of such
integrative models more accessible to more biological researchers
and robust enough for a variety of use cases will remain a
challenge. However, the potential exists to be able to more accu-
rately describe changes in biological systems and to better predict
cellular responses to genetic and interventional perturbations, for
example in the case of combinatorial therapeutics.

Conclusion

Advances in sample preparation techniques, instrumentation,
analysis software, and public annotation databases have
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succeeded in permitting researchers to gain important insights
into biological processes from combined proteomics and meta-
bolomics studies. The closer integration of proteomics and
metabolomics workflows, from sample preparation to data
acquisition and network-based computational analysis, offers
the potential of elucidating a more comprehensive understanding
of complex biological systems and their dynamical responses to
diverse stimuli. Using a unified nLC-MS-based platform facilitates
joint multi-omic analyses of complex biological specimens
with a streamlined instrumentation requirement, as well as
more consistent sample preparation, quantitative and qualitative
identification of biomolecules, and integration of the resulting
data using pathway and network-based methods. Parallel
proteomic and metabolomic-based multi-omic studies hold
exciting promise for the near future of network systems biology.
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and R. Lehmann, Integrated enrichment analysis and
pathway-centered visualization of metabolomics, proteomics,
transcriptomics, and genomics data by using the InCroMAP
software, J. Chromatogr. B: Anal. Technol. Biomed. Life Sci.,
2014, 966, 77–82, DOI: 10.1016/j.jchromb.2014.04.030.

145 E. B. Unterberger, J. Eichner and C. Wrzodek, et al., Ha-ras
and beta-catenin oncoproteins orchestrate metabolic pro-
grams in mouse liver tumors, Int. J. Cancer, 2014, 135(7),
1574–1585, DOI: 10.1002/ijc.28798.

146 D. Szklarczyk, A. Santos, C. Mering von, L. J. Jensen,
P. Bork and M. Kuhn, STITCH 5: augmenting protein-
chemical interaction networks with tissue and affinity
data, Nucleic Acids Res., 2016, 44(D1), D380–D384, DOI:
10.1093/nar/gkv1277.

147 E. Brunk, S. Sahoo and D. C. Zielinski, et al., Recon3D
enables a three-dimensional view of gene variation in
human metabolism, Nat. Biotechnol., 2018, 36(3),
272–281, DOI: 10.1038/nbt.4072.

148 S. Razick, G. Magklaras and I. M. Donaldson, iRefIndex:
a consolidated protein interaction database with provenance,
BMC Bioinf., 2008, 9(1), 405, DOI: 10.1186/1471-2105-9-405.

149 N. Tuncbag, S. J. C. Gosline, A. Kedaigle, A. R. Soltis,
A. Gitter and E. Fraenkel, Network-Based Interpretation
of Diverse High-Throughput Datasets through the Omics
Integrator Software Package, PLoS Comput. Biol., 2016,
12(4), e1004879, DOI: 10.1371/journal.pcbi.1004879.

150 L. Pirhaji, P. Milani and M. Leidl, et al., Revealing disease-
associated pathways by network integration of untargeted
metabolomics, Nat. Methods, 2016, 13(9), 770–776, DOI:
10.1038/nmeth.3940.

151 J. Wang, Landscape and flux theory of non-equilibrium
dynamical systems with application to biology, Adv. Phys.,
2015, 64(1), 1–137, DOI: 10.1080/00018732.2015.1037068.

152 D. K. Wells, W. L. Kath and A. E. Motter, Control of Stochastic
and Induced Switching in Biophysical Networks, Phys. Rev. X,
2015, 5(3), 031036, DOI: 10.1103/PhysRevX.5.031036.

Molecular Omics Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

3 
Se

pt
em

be
r 

20
18

. D
ow

nl
oa

de
d 

on
 4

/1
/2

02
6 

3:
57

:0
4 

A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/c8mo00136g



