Archives of Toxicology (2020) 94:371–388
https://doi.org/10.1007/s00204-020-02656-y

REVIEW ARTICLE

Prospects and challenges of multi‑omics data integration in toxicology
Sebastian Canzler1 · Jana Schor1 · Wibke Busch1 · Kristin Schubert1 · Ulrike E. Rolle‑Kampczyk1 · Hervé Seitz4 ·
Hennicke Kamp3 · Martin von Bergen1,2 · Roland Buesen3 · Jörg Hackermüller1
Received: 8 November 2019 / Accepted: 29 January 2020 / Published online: 8 February 2020
© The Author(s) 2020

Abstract
Exposure of cells or organisms to chemicals can trigger a series of effects at the regulatory pathway level, which involve
changes of levels, interactions, and feedback loops of biomolecules of different types. A single-omics technique, e.g.,
transcriptomics, will detect biomolecules of one type and thus can only capture changes in a small subset of the biological cascade. Therefore, although applying single-omics analyses can lead to the identification of biomarkers for certain
exposures, they cannot provide a systemic understanding of toxicity pathways or adverse outcome pathways. Integration of
multiple omics data sets promises a substantial improvement in detecting this pathway response to a toxicant, by an increase
of information as such and especially by a systemic understanding. Here, we report the findings of a thorough evaluation of
the prospects and challenges of multi-omics data integration in toxicological research. We review the availability of such
data, discuss options for experimental design, evaluate methods for integration and analysis of multi-omics data, discuss
best practices, and identify knowledge gaps. Re-analyzing published data, we demonstrate that multi-omics data integration can considerably improve the confidence in detecting a pathway response. Finally, we argue that more data need to be
generated from studies with a multi-omics-focused design, to define which omics layers contribute most to the identification
of a pathway response to a toxicant.
Keywords Multi-omics · Toxicology · Chemical exposure · Risk assessment · Data integration

Introduction
Exposure of cells or organisms to chemicals triggers a
series of effects at the molecular level. Regulatory pathways involved in such responses exhibit changes of levels,
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interactions, and feedback loops of biomolecules of different
types that are active in complex networks. Omics technologies allow to interrogate a significant fraction or close to all
biomolecules of a particular type in an untargeted manner.
From a toxicological perspective, omics techniques, therefore, allow to efficiently and accurately generate relevant
information on substance-induced molecular perturbations
in cells and tissues that are associated with adverse outcomes. The European Centre for Ecotoxicology and Toxicology of Chemicals (ECETOC) has, therefore, conducted a
series of workshops to evaluate the promises and challenges
of omics techniques in chemical risk assessment (ECETOC
2008, 2010, 2013; Buesen et al. 2017). The most recent
workshop concluded that omics techniques contribute to
answering relevant questions in risk assessment including
(i) the classification of substances and definition of similarity, (ii) the elucidation of the mode of action of substances,
and (iii) the identification of species-specific effects and the
demonstration of human health relevance (Sauer et al. 2017).
However, participants also identified a need to increase the
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◂Fig. 1  a Sketch of a regulatory pathway illustrating the diversity of

biomolecules involved. The flow of information as a response to an
event is not confined to a single-omics layer. Response times vary
considerably within and between omics layers as indicated by the
clock symbols (details, see Fig. 2a). b Subset of the components of a
pathway that are detected by a specific omics approach and number of
data points returned during measurements for (i) phosphoproteomics,
(ii) transcriptomics, (iii) proteomics and (iv) metabolomics

reproducibility of omics data acquisition and data analysis,
and to define best practices (Buesen et al. 2017).
A single-omics technique, e.g., transcriptomics, will
detect biomolecules of one type, also called one layer, and
thus captures changes only for a small subset of the components of a particular pathway. Therefore, applying singleomics analyses in response to a toxicant in a non-continuous
design led to the identification of biomarkers for certain
exposures but not to a systemic understanding of toxicity
pathways or adverse outcome pathways (AOPs) in the past.
A necessity to evaluate the integration of different omics layers for defining AOPs has, therefore, also been identified at
the ECETOC workshop (Buesen et al. 2017). Consequently,
we hypothesize that a substantial improvement in detecting the pathway response to a toxicant can be achieved by
using multi-omics data in a time- and concentration-resolved
design [see also Escher et al. (2017)].
The CEFIC LRI-funded project “XomeTox - evaluating
multi-omics integration for assessing rodent thyroid toxicity” investigates the utility of multi-omics data integration for
applications in toxicology and develops best practices aiming
at regulatory application.1 Here, we report the findings of the
first phase of XomeTox, which has evaluated the current status
of multi-omics data in toxicological research, the availability
of such data, of repositories for exchanging these data, and of
methods for integration and analysis of multi-omics data to
derive where possible best practices and identify knowledge
gaps. Based on published integration methods and publicly
available data with a toxicological research question, we evaluate in case studies whether integration of previously separately
analyzed multi-omics data improves the detection of a molecular response at the pathway level. We summarize challenges for
study design and sampling and argue how to select omics layers. Finally, we discuss pitfalls and knowledge gaps and the perspective for using multi-omics data in a regulatory application.

Multi‑omics in toxicology
Why relying on multi‑omics in toxicology
Regulatory pathways of the cell involve a range of different (bio)molecules, which comprise very different
1
http://cefic-lri.org/projects/c5-xometox-evaluating-multi-omics
-integration-for-assessing-rodent-thyroid-toxicity/.
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physicochemical properties and which exhibit complex
non-linear interactions (Fig. 1a). A single-omics technique
will measure biomolecules of a specific type, e.g., ribonucleic acids (RNAs) in case of transcriptomics. Frequently,
a single-omics technique will not even detect the entirety
of biomolecules of one type but a smaller subset thereof
of more similar physicochemical properties. The detection
of short and long RNAs, for example, or of short peptides
and proteins requires different transcriptomic or proteomic
approaches, respectively. Only the use of multi-omics, also
called cross-omics approaches, allows to directly detect a
significant fraction of a pathways’ response to chemical
exposure. Employing multi-omics strategies for toxicological research questions has, therefore, repeatedly been called
for in the literature (Prot and Leclerc 2012; Marx-Stoelting
et al. 2015; Buesen et al. 2017; Escher et al. 2017; Dellafiora
and Dall’Asta 2017), despite a cautious stand on this matter
from a regulatory point of view (Tralau et al. 2015; Tralau
and Luch 2015).

Which omics layers to use for toxicological research
questions
Figure 1b illustrates which components of a pathway and
how perturbations of a pathway, respectively, are detected by
different omics layers. For detecting the pathway response to
chemical exposure, we propose to focus on transcriptomics,
proteomics, phosphoproteomics, and metabolomics and to
consider epigenomics for specific cases and give a rational
for this selection below.
Transcriptomics. Transcriptomics aims at a comprehensive detection of ribonucleic acids in the cell. A pathway
response in transcriptomics is mainly detected via a known
set of target genes of the pathway that are found differentially expressed. The information on association with a particular pathway is mainly available for protein-coding RNAs
(mRNAs). However, a significant portion of the transcriptional response controlled by a specific pathway can consist
of non-protein-coding RNAs (ncRNAs), e.g., Hackermüller et al. (2014). NcRNAs have been shown to participate
in a range of different cellular pathways and seem to be
particularly relevant for fine tuning the gene expression of
eukaryotic cells (Cech and Steitz 2014; Dhanoa et al. 2018).
For more than a decade, transcriptomics mainly relied on
microarrays as a measurement technique. With the exception of tiling arrays, e.g., Otto et al. (2012), microarrays
constitute a targeted detection approach, i.e., they require
prior selection and knowledge of the sequence of the interrogated RNAs. Since about 10 years, transcriptomics has
increasingly been relying on transcriptome sequencing
(RNA-seq), which allows the simultaneous identification of
transcripts, detection of isoforms, and their quantification
with high dynamic range (Wang et al. 2009). RNA-seq is
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per se un-targeted, but can be run in targeted mode to reduce
costs and increase throughput. Compared to the other omics
layers discussed in this section, transcriptomics stands out
by its comprehensiveness in terms of coverage, i.e., it is
estimated that 90–95% of genes are detected in mammals
(García-Ortega and Martínez 2015). Depending on the
research question, short-read sequencing methods (typically providing read lengths between 50 and several hundred
bases) or long-read sequencing (allowing for direct detection
of full-length transcripts of up to 20 to 30 kilobases), or a
combination of both can be applied. Short (smaller than 200
nucleotides) and long RNAs are typically measured using
separate approaches. Methods for a simultaneous detection
have been described, e.g., Xiao et al. (2018), but are so far
not routinely employed. For long RNA sequencing, different
sample preparation strategies to avoid sequencing of ribosomal RNAs can be chosen in dependence of the biological question: Methods that capture or preferentially amplify
polyadenylated transcripts, provide mainly information on
messenger RNAs, while ribosomal RNA depletion-based
approaches are capable of including a broader range of long
ncRNAs. In general, RNA-seq experiments can provide a
throughput of several thousand gigabases per run (Lowe
et al. 2017).
Proteomics. Proteomics detects a pathway response highly
analogously to transcriptomics via an enrichment of proteins
allocated to a given pathway among differentially expressed
proteins. However, beside the transcriptionally controlled
effects on protein abundance, there are translational and also
post-translational effects that affect the stability and are not
reflected on the transcriptome level. Untargeted proteomic
measurements currently mainly rely on liquid chromatography (LC), coupled to mass spectrometry (MS). Most frequently, proteins are extracted, optionally separated, digested
and the proteolytic peptides analyzed by LC-MS/MS, which
typically allows for the detection of 3000–5000 proteins per
experiment, e.g., Schmidt et al. (2018). Quantitative detection can be improved in terms of reliability using labeling
approaches such as stable isotope labeling (Ong et al. 2002).
However, for animal experiments, which would require fully
isotopically labeled animals as reference samples, or experiments involving primary cells that cannot be kept in culture
sufficiently long, stable isotope labeling may not be feasible
and label-free quantification the preferred approach. In the
last years, TMT labelling became popular since it allows
up to tenfold multiplexing and at the same time an isotope
labelling-based quantification (McAlister et al. 2012). In
contrast to the global approaches, targeted proteomics can
be used by spiking selective reference peptides into a sample for the quantification of proteins of interest (Picotti and
Aebersold 2012). Prior to the use of LC-MS/MS, proteomics
frequently relied on 2D-gel electrophoresis, which separated
proteins by mass and pI, subsequently detected differentially
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expressed spots using the DIGE method and identified these
proteins using MS (Unlü et al. 1997). However, apart from
the high manual effort and limited throughput, DIGE-based
proteomics data sets are of limited use for multi-omics
approaches, as quantitative information is only collected for
strongly differentially expressed proteins and missing for the
larger part of the proteome, which hampers integration with
the other omics layers.
Metabolomics. The metabolome is different to the other
omes discussed here, as it is a collection of chemically
highly heterogeneous molecules. The metabolome is typically defined as the complete complement of all small molecule metabolites (< 1500Da ) found in a specific cell, organ
or organism (Wishart 2007). Thanks to initiatives like the
Human Metabolome Project, the endogenous metabolome
of human and animal model organisms has been mapped
to a large extent. However, entries in databases for food- or
environment-derived metabolites detected, e.g., in human
serum are continuously growing, depending on the ever
increasing sensitivity of mass spectrometry and improvements in databases. Metabolome measurements rely either
on nuclear magnetic resonance (NMR)-based detection or
on gas or liquid chromatography hyphenated to MS. NMRbased approaches have the advantage of the inherent capacity of quantification and constitute the gold standard for the
structural elucidation of unknown metabolites. MS-based
approaches outperform NMR in terms of sensitivity and can
be run in an untargeted or targeted fashion. The latter interrogates between a handful and several hundred metabolites
in many in-house established assay and commercial kits,
respectively.
Metabolomics differs from proteomics and transcriptomics in (i) detecting the response at very different levels of a
pathway and (ii) in simultaneously capturing molecules of
a pathway that respond on extremely different time scales
including, e.g., almost instantaneously formed second messengers like Phosphatidylinositol (3,4,5)- trisphosphate
(PIP3) versus changes in components of the cell membrane
with very long half lives.
Post-translational modifications of proteins. In addition
to effects mediated by proteins based on their abundance,
post-translational modifications (PTMs) are mostly relevant
for regulating the activity of proteins. There are many different types of PTMs but the most abundant PTM is phosphorylation, a reversible, covalent modification, which is
tightly regulated and particularly relevant for intracellular
signaling (von Stechow et al. 2015). Phosphoproteomics
aims at mapping and quantifying protein phosphorylation
throughout the proteome. A major challenge of phosphoproteomics is the low stoichiometry of biologically relevant
phosphorylations. Phosphopeptides thus need to be enriched
before measurement. This results in a rather high demand
for material compared to proteomics, which can hinder the
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employment of phosphoproteomics. For quantification,
metabolic or chemical labeling is frequently employed, but
label-free approaches are available as well (Arrington et al.
2017). Current phosphoproteomics studies identified up
to 20000 phosphorylation sites (von Stechow et al. 2015).
Many signaling pathways include phosphorylation reactions
and an association of these phosphorylation sites to the pathways is readily possible. Other phosphorylation sites require
additional experiments to associate them to a specific kinase
and thus to a pathway (Arrington et al. 2017).
Epigenomics. Chemical modifications of the DNA and
of the proteins organizing the three-dimensional structure
of genomic DNA are interrogated by epigenomics. In an
untargeted manner, DNA methylation is today assessed by
a modified genome sequencing approach (Methylome-seq).
Due to the sometimes subtle effects of chemical exposure
on the epigenome, Methylome-seq requires high coverage
associated with still significant sequencing costs. Targeted
microarray-based approaches are thus still frequently used.
DNA methylation subsumes two different chemical modifications with different functional consequences—5-methylcytosine and 5-hydroxy-methylcytosine (Branco et al. 2011;
Zhang et al. 2018). Most published studies do, however, not
discriminate between both modifications. Histone modifications are interrogated using Chromatin-immuno-precipitation using antibodies specific for the targeted modification followed by sequencing (ChIP-seq) (Robertson et al.
2007). Typically, several modifications need to be detected
to get a comprehensive picture, which is associated with
several parallel ChIP-seq experiments. As ChIP-seq requires
more sample material than the other epigenomic approaches
discussed here, such a strategy may be hard to implement
in toxicological studies where, e.g., material of particular
organs is limiting. ATAC-seq is an alternative readout that
does not probe chemical modifications directly, but rather
one of the modifications’ main consequence, DNA accessibility (Buenrostro et al. 2013).
Knowledge on the association of regulatory pathways and
specific epigenetic modifications is still limited. Epigenomics is thus of limited value when a pathway-based data integration approach is used (see “Multi-omics data analysis”).
Statistical integration approaches can manage epigenomic
data but the biological interpretation remains challenging
if detecting immediate effects and pathway responses are
pivotal to the study [see also the discussion in Escher et al.
(2017)]. However, epigenomic data have proven highly valuable for trans-generational studies (Jahreis et al. 2018) or
when aiming to predict long-term effects of chemical exposure based on omics data of short-term exposure.
Single-cell omics. RNA-seq, methylome-seq, and ATACseq can also be applied to thousands of single cells in parallel (Ziegenhain et al. 2017; Hu et al. 2018). This may be
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a further direction for increasing the information for AOP
development to advance from the cellular to tissue and
organ response. Remarkable developments have recently
been made for single-cell proteomics and metabolomics
(Yang et al. 2019; Duncan et al. 2019). However, compared
to sequencing-based approaches, the applicability of these
methods is still limited by the number of cells that can be
profiled, or the number of biomolecules detected in parallel.
Several protocols have been published that interrogate multiple omics layers from the same single cell. These methods
mainly combine genome sequencing and RNA-seq, methylome-seq and RNA-seq, or all three layers—see (Hu et al.
2018) for a recent review.
Which omics layers to chose. Selecting omics layers
strongly depends on the research question and the model
system. For addressing the question in focus of this review,
i.e., to facilitate the detection of pathway responses to chemical exposure, omics layers should be chosen to optimally
interrogate the suspected pathways of interest, in case these
are known. A tool like MOD-Finder might be used to
assemble prior knowledge for a chemical of interest (see
section “Multi‑omics data for toxicological research questions”). The XomeTox model problem of thyroid toxicity
calls for an investigation using a multi-omics approach as
the complete AOP can only be addressed at different omics
levels: thyroid hormones are detected by metabolomics,
while liver enzyme levels are most directly assessed by
proteomics. Tumorigenesis in the thyroid or neurodevelopmental effects are potentially indicated by changes on the
transcriptome level and manifest in altered protein activity
level. Important switches in many pathways are determined
by phosphoproteomics. Finally, non-coding RNAs, which
have been shown to be important regulators in tumorigenesis
[e.g, Boll et al. (2013)] can only be detected by transcriptomics, but require integration with other omics data sets for
their functional annotation.
In case no prior information is available, we propose to
include the four layers discussed above and to consider additionally including epigenomics if the study aims at transgenerational or long-term effects. Transcriptomics using
long RNA-seq and LC-MS/MS based proteomics may convey similar information on the overall pathway response.
However, transcriptomics includes information on regulatory RNAs and is much more comprehensive than proteomics. Proteomics on the other hand is much closer to the phenotype and subsumes several regulatory principles that lead
to changes on the protein level, without remarkable changes
on the transcriptome level. Also, even drastic alterations on
the transcriptome level do not necessarily result in detectable
changes on the level of the corresponding proteins. Phosphoproteomics in turn allows to directly observe changes
in, e.g., kinase cascades that directly control transcript and
protein abundance independent activities.
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Study design and sampling for multi‑omics studies
Study design. From a data analysis point of view, multiomics studies should rely on paired samples, i.e., on samples where all omics layers per replicate are generated from
one individual. Non-paired samples require any method that
operates on correlations or related measures to compute
these not over the individual samples but over aggregates
like mean expression or fold-changes per treatment group.
This aggregation generates shorter vectors compared to the
data on the individual replicates and approaches like correlation network inference or many dimensionality reduction
methods cannot be feasibly applied. Paired samples correspond to what Cavill and colleagues call the split-sample
study, where a tissue sample is split for different omics layers
and the source-matched study, where different omics layers are generated from different tissues or cells originating
from the same individual. They discriminate these from the
repeated study, which is a repetition of the experiment for
the different omics layers, and the replicate-matched study,
which generates different omics layers from different replicates of the same experiment (Cavill et al. 2016). Another
argument for split-sample or source-matched designs, which
is particularly relevant when animal studies are involved, is
the number of individuals. Repeated study and replicatematched study designs are clearly disadvantageous from
an 3R perspective, as they multiply the number of animals
required by the number of omics layers included.
Timing. Given the central dogma of gene expression,
one might argue that one omics layer that is downstream of
another, e.g., proteome and transcriptome should be sampled
at different time points to avoid the accumulation of noise
due to time biases. However, as illustrated by the clock symbols in Fig. 1a and summarized in Fig. 2a, there is not only
a timing variance between omics layers but also particularly within layers. In the metabolome, for example, second
messengers, like PIP3 are formed within seconds or only a
few minutes (Falkenburger et al. 2010), while changes in
the energy metabolism occur on time scales of minutes and
hours (Wang et al. 2011) and those in lipids forming the cell
membrane are affected in weeks.
Consequently, there is no optimal time point per omics
layer, or optimal time-distance between omics layers for sampling. For this reason, and the reasons that different sampling
time points per omics layer would (i) result in non-paired samples, associated with the difficulties in data analysis discussed
above, and (ii) multiply the number of animals required by the
number of omics layers, as only one time point can be obtained
from one individual, we argue that the samples for the different omics layers should be generated at identical time points.
Nonetheless, the diverging time scales in the different
omics layers may increase noise in the integrative analysis.
One option to address this issue is to generate dense time
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series data starting immediately with the beginning of exposure and to explicitly model the individual temporal behavior. This drastically increases the number of individuals in an
animal experiment and the effort for omics. The other option
is to ignore the dynamic response subsequent to the start of
exposure, use a repeated dosing scheme and sample after a
time period which is significantly longer than the expected
time scale of immediate pathway effects and thus look at the
steady state of a chronic signaling change. For most questions in chemical risk assessment, the latter option will be
preferable. Also, it integrates well with established toxicity
study designs. However, focusing on a steady state implies
looking at the end of an adaptation process. Thus, dense
temporal modeling may be advantageous for specific questions like unraveling pathway–pathway interactions between
early key events of AOPs or when bound to a single-dosing
scheme.
Tissue distribution bias. Distributing sample material to
different omics layers in a split sample design can be trivial
in case of a cell culture-based study or blood cells provided
that enough cells are available. However, when solid tissues
from an animal study are included, splitting the tissue can
introduce additional bias particularly due to regional differences in tissue composition, see Fig. 2b: (i) To avoid this
bias, homogenized tissue can be distributed to the different
omics layers. However, some omics layers are frequently
used with sample pre-treatment to stabilize, e.g., labile
RNAs. Pre-treatments are usually not compatible among
different omics layers. Protocols for the simultaneous extraction of RNA, DNA, proteins, and metabolites exist, but are
of significantly lower efficiency than specific protocols and
are, therefore, not an option for situations where tissue mass
is critically low (Vorreiter et al. 2016). (ii) Alternatively,
cryosections of embedded tissue can be evenly distributed to
the omics layers. (iii) Finally, the consistent distribution of
defined organ or tissue segments to the omics layers controls
bias. In a treatment–control design, inherent differences in
tissue composition will be controlled for in each omics layer.

Multi‑omics data for toxicological research
questions
Several multi-omics studies, particularly dual-omics studies,
for toxicological research questions have been published,
e.g., on nanomaterials (Scala et al. 2018), PPAR agonists
and antagonists (Acharjee et al. 2016), Valproic acid (van
Breda et al. 2018), Pregnenolone Carbonitrile (Nagahori
et al. 2017), or investigating Benzo[a]pyrene exposure
(Kalkhof et al. 2015). The diXA project has assembled a
set of toxicogenomics studies from diverse sources, which
in part comprise multi-omics data (Hendrickx et al. 2015).
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Fig. 2  a The response time and
the life-span of biomolecules
within and between single
omics varies substantially,
making timing a serious issue to
consider when deciding on the
sampling strategy during study
design. b Different options for
avoiding a bias in distributing
sample material to different
omics layers. A split sample
design requires that replicates,
e.g two organs in this figure are
consistently distributed to the
different omics experiments.
Tissue may either be homogenized and the homogenate
distributed to the omics experiments. Alternatively, tissue
can be sectioned on a cryomicrotome and each nth section
is distributed to the n different
omics experiments. Finally,
the tissue can be consistently
dissected, so that one type of
omics experiment is always
based on the same segment of
an organ

(a)

(b)
Omics data are deposited in repositories that are specific for one omics layer and several repositories may be
used by the community for one layer. See Supplemental
Text and Figures, Section S1, for a review of repositories and the current status and differences of data sharing
for transcriptomics, proteomics and metabolomics data.
Multi-omics data are usually not cross-referenced between
repositories and in cases where data sets have been published separately, no corresponding manuscript has been
published, or the deposited multi-omics data has not been
referenced properly in the publication, identifying corresponding omics data sets is laborious. We have, therefore, developed the web application MOD-Finder which
searches for multi-omics data sets related to a user-defined

chemical of interest (Canzler et al. 2019). MOD-Finder
is publicly available.2
Using MOD-Finder and an additional manual collection, we compiled a series of data sets for a subsequent
evaluation of integration methods and derivation of best
practices and pitfalls (Supplementary Table S1). However,
none of the identified data sets for chemical exposure comprises paired samples in an in vivo setting, provides all
four omics layers, we consider most relevant for detecting
a pathway response, and was generated with state-of-theart omics techniques.
2

https://webapp.ufz.de/mod_finder.
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Multi‑omics data analysis
Multi-omics data integration strategies. A range of different
approaches is available for the integrative analysis of multiomics data. Here, we focus particularly on the application
of these methods for detecting a response at the pathway
level in a toxicological setting. For comprehensive reviews
of integration methods, see (Ebbels and Cavill 2009; Buescher and Driggers 2016; Cavill et al. 2016; Bersanelli et al.
2016; Huang et al. 2017; Tarazona et al. 2018).
Several attempts have been made to categorize integration methods. Ebbels and Cavill (2009) discriminated (i)
conceptual integration where each omics layer is analyzed
separately and the researchers combine single-omics inferences to gain a comprehensive conclusion from (ii) statistical integration that aims at identifying statistical associations between features of different samples and omics layers,
and (iii) model-based data integration strategies that use predefined models of a system to predict levels of molecular
associations and organization. Cavill et al. (2016) further
subdivided statistical integration into (iia) correlation-based
approaches that infer correlative associations between features of different omics layers, (iib) concatenation-based
methods that transform multiple layers into a single data
frame prior to the analysis, (iic) multivariate-based methods
as adaptations of standard multivariate approaches, and (iid)
pathway-based methods that incorporate pathway annotations from various sources.
Bersanelli et al. (2016) classified integration methods into
sequential, which largely corresponds to conceptual above,
and simultaneous strategies, which correspond to statistical integration. Based on the methodological approach, they
further discriminated network-based versus network-free
whether or not the algorithm employs networks to model
variable interactions, and bayesian vs non-bayesian whether
or not the algorithms incorporate an a priori assumption
about the data to compute the posterior probability distribution on the measured omics data making use of Bayes’ rule.
Finally, Tarazona et al. (2018) categorized integration
methods based on the incorporation of additional biological
information and on using a supervised or an unsupervised
approach. The first aims at predicting a certain response variable using the omics features as predictors, or at modeling a
regulatory network of the underlying molecular system. The
latter is mainly used to retrieve an exploratory overview of
the data and to unravel potential relationships between omics
layers. An overview of different integration principles and
how different classification approaches relate to each other
is given in Supplementary Figure S1.
3
4

http://www.paintomics.org/.
http://impala.molgen.mpg.de/.
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Pathway integration. Few integration tools are available that incorporate pathway knowledge to interpret highthroughput datasets, e.g., via term over-representation or
gene set enrichment analysis like PaintOmics3 (Hernández-de Diego et al. 2018) or IMPaLA 4 (Kamburov et al.
2011). Approaches like SPIA, Enrichnet, or SAFE
integrate pathway topologies, they do, however, not provide
an explicit support for multi-omics data (Tarca et al. 2009;
Glaab et al. 2012; Baryshnikova 2016). PARADIGM is a
computational approach that integrates multiple genomic
alterations such as copy number, DNA methylation, somatic
mutations, mRNA expression and microRNA expression
with the REACTOME database (Vaske et al. 2010). While
this is a valuable selection of omics layers for oncological
questions, it is of limited applicability in toxicology.
Choice of the integration approach depends on study
design. As discussed above, most available multi-omics data
sets are based on non-paired samples. These designs also
lack an inherent, consistent ordering of samples between the
omics layers, which prohibits the application of statistical
integration methods. Cavill et al. (2016) argued that in this
case, conceptual integration should be performed, which can
provide important insights but misses associations that can
only be found in a joint analysis and thus their interpretation
has to be carried out with caution. Similarly, Tarazona et al.
(2018) suggested to use a sequential integrative analysis or
a meta analysis which is, however, associated with a substantial decrease in the amount of retrievable information.
Time series data. Due to the variability in toxicodynamics, time-resolved study designs are frequently employed in
toxicology. Most integration methods treat time-resolved
data as different experimental conditions, but will not take
advantage of the continuous nature of this factor (Tarazona
et al. 2018). Few computational approaches have recently
become available that explicitly handle time in these data,
like MORE5 and MathIOmica (Mias et al. 2016), which is
so far only available for Mathematica.
Flexibility of integration methods. Many integration methods have been developed for a very specific purpose and can
only operate on few types of omics layers. Tools like MCD or
Conexic focus on integrating data on genetic variation with
gene expression or DNA-methylation data (Chari et al. 2010;
Akavia et al. 2010). However, correlation- and concatenationbased approaches, or approaches for dimensionality reduction
and clustering are flexible regarding the type of input layers;
these include moCluster (Meng et al. 2016), mixOmics
(Lê Cao et al. 2009; González et al. 2012), MCIA (Meng et al.
2014) and MOFA (Argelaguet et al. 2018).
Publicly available web-based tools such as PaintOmics, IMPaLA, or OmicsNet 6 (Zhou and Xia 2018)
5
6

https://bitbucket.org/ConesaLab/more.
https://www.omicsnet.ca/.
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integrate biological knowledge from pathway databases.
However, if only one or two pathway databases are used
this can be limiting for the analysis (see Case Studies in
Section “Case studies” for an example). Another issue that
is more prominent with web-based tools is the support of
different gene or protein identifiers and the mapping to the
used biological knowledge base.
Reproducible computational research. Integrative analysis starting from raw multi-omics data is a complex, multistep process. Bioinformatic tools need to be selected from
a range of options and each software comes with a set of
adjustable parameters which may impact the outcome substantially. Recently, a ”reproducibility crisis” has been diagnosed (Baker 2016), criticizing the degree of reproducibility
in biomedical research (Bustin 2014). Considering the complexity of multi-omics data analysis, independent replication
of the results specifically depends on detailed reporting of
the details of the analysis. Linking executable analysis code
with intermediate and final resulting data is promoted as
the gold standard of reproducibility by Peng (2011), while
Sandve and colleagues suggest to follow the ”ten simple
rules for reproducible computational research” (Sandve
et al. 2013). Workflow management systems, like Galaxy,
KNIME, or uap promote the use of reproducible research
principles in bioinformatic analyses (Goecks et al. 2010;
Berthold et al. 2007; Di Tommaso et al. 2017; Kämpf et al.
2019). None of the currently available integration methods
specifically supports reproducible research principles. However, many standalone tools could easily be wrapped for use
in one of the workflow management systems. Web-based
tools are particularly prone to reproducibility problems since
the user is usually not able to keep track of versions of tools
and databases and parameters used.
In summary, many powerful integration methods have
been published. However, no single approach fulfills all
requirements from a toxicological perspective, to integrate
the four omics layers, we defined most informative, support
time- and dose-resolved experiments and support reproducible research principles.

Case studies
We use published data to evaluate pathway-based versus statistical integration approaches in the following case studies. The murine hepatocyte data set was derived from two
separately published data sets that used exactly the same
experimental conditions: Omics data were generated from
murine hepatocyte cell lines after 2h, 4h, 12h, and 24h of
exposure to Benzo[a]pyrene (B[a]P) at two different concentrations (50nM∕5𝜇M ). Transcriptome data were measured
with Affymetrix GeneChips by Michaelson et al. (2011).
SILAC-based proteomics and targeted metabolomics data
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were conducted by Kalkhof et al. (2015). All experiments
were generated from different replicates. For statistical integration, we, therefore, relied on fold changes, aggregated
for each concentration and time point versus their respective control samples. The transcriptome, proteome, and
metabolome layer consisted of 8699, 958, and 163 features,
respectively. The mitochondrial stress response data set
interrogated HeLa cells treated for 24h with Doxycycline
(30𝜇∕ml ), Actinonin (50𝜇M ), Carbonyl cyanide-p-trifluoromethoxyphenyl-hydrazone (FCCP, 10𝜇M ), and MitoBloCK-6 (MB, 50𝜇M ), respectively (Quirós et al. 2017).
Transcriptome (Ion Torrent RNA-seq), proteome (tandem
mass tag labeling), and metabolome (iFunnel Q-TOF) data
were generated from distinct replicates yielding 15174,
8269, and 1021 features, respectively. For more information about the data generation and processing, please see the
Supplementary Material in Section S3.

Pathway analysis
Based on the overview of current pathway-based approaches
in Supplementary Text and Figures Section S3.1, we selected
two tools for further evaluation. IMPaLA employs several
well-known pathway databases, such as KEGG, Reactome,
or WikiPathways combining more than 5000 pathway definitions. However, it is restricted to either transcriptome or
proteome analysis versus the metabolome layer (Kamburov
et al. 2011) meaning that IMPaLA always integrates two
omics layer. Additionally, it is restricted to human pathways
only. PaintOmics allows to include several different
omics layers into its pathway enrichment analysis, provides
feature mapping to KEGG IDs, but solely relies on KEGG
pathways (Hernández-de Diego et al. 2018). PaintOmics supports the interpretation of time series experiments
and uses fold change interpolations (i.e., genes, proteins, or
metabolites over time) to cluster significantly altered pathways in an overall network. It is also possible to install and
run PaintOmics locally.
Mitochondrial response data. PaintOmics mapped
12546 (transcriptome), 8060 (proteome), and 918 (metabolome) features to KEGG IDs, corresponding to a 17%, 3%,
and 10% of unmapped features, respectively. Compared to
single-omics approaches, the multi-omics approach yielded
the highest amount of significantly enriched pathways for
each of the four toxicants (Fig. 3). Also, adjusted p values
were lower, sometimes by several orders of magnitude, for
a combined multi-omics pathway enrichment compared to
each single-layer analyses. These pathways include expected
response pathways like oxidative phosphorylation, biosynthesis of amino acids, or serine metabolism. For a more indepth analysis and direct pairwise comparison of p values
between each single- and multi-omics approach, please see
Supplementary Section S3.1.
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Fig. 3  Comparison of single- and multi-omics pathway enrichment
analyses. Adjusted p values were derived by PaintOmics on HeLa
cells treated with Doxycycline, Actinonin, FCCP, and MB. ‘Combined’ means that all three layers were taken together and a combined
adjusted p value was calculated by PaintOmics using Fisher’s

method. For each toxicant, all pathways that have been found to be
significantly enriched at least once were collected and their adjusted
p values were compared. The number of pathways found significantly
enriched at least once per toxicant is stated in parentheses at the top
of each plot

Fig. 4  a PaintOmics visualization of the enriched B[a]P metabolism pathway that is part of the KEGG xenobiotics metabolism pathway by cytochrome P450. Combined adjusted p value: 0.079, tran-

scriptome: 0.0013, proteome: 1, metabolome: NA. b Time-resolved
fold changes for selected protein and transcript Mgst1 are shown

When applying IMPaLA to this data set, we achieved
similar results. The number of significantly enriched pathways was always highest when all omics layers were combined. In case of Doxycycline and MB, even more pathways
were found to be significantly enriched than by simply adding both two-layer approaches (transcriptome/metabolome
+ proteome/metabolome). Again, this gain in the amount
of detected pathways was accompanied with an increase in
confidence, i.e., lower adjusted p values (Supplementary
Section S3.1, Supplementary Figures S7, S8).
Murine hepatocyte data. For transcriptomics and proteomics, approximately 1% of features could not be mapped to
KEGG-identifiers using PaintOmics. For metabolomics,
the 163 metabolites of the Biocrates AbsoluteIDQ™p150
kit resulted in 26 unique KEGG compounds, including 15
amino acids and mainly carnitines. This restricted number

of KEGG-matched metabolites hampered the ability of
PaintOmics to identify enriched pathways supported by
all three omics layers. PaintOmics interpolates all given
samples of one time series into one ’fold change curve’,
independent of other covariates, e.g., different concentrations. Hence, we had to compute on both concentrations
separately, which weakened the power of the analysis.
For high-dose B[a]P exposure, PaintOmics found 6
significantly out of 240 total enriched pathways at the transcriptome level, while only two significant pathways were
found for the multi-omics approach [FDR < 0.05, Supplementary Figure S4(a)]. This discrepancy to the findings of
the mitochondrial data can be explained by the low coverage
of the proteome and metabolome layer of this comparably
old data set.
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Multi‑omics factor analysis ‑ MOFA
As a member of the group of simultaneous, statistical integration tools we evaluated MOFA (multi-omics factor analysis), which is a framework for unsupervised integration of
multi-omics data sets to discover the principal sources of
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PaintOmics has decent visualization capabilities.
Figure 4 displays the B[a]P metabolism pathway, which is
part of the KEGG pathway on xenobiotics metabolism by
cytochrome P450. Within this subnetwork of 20 total nodes,
17 and 8 nodes were covered by transcriptomic and proteomic data, respectively. Transcripts showed a clear upregulation starting between 4 and 12 h and continuing up to 24 h
of exposure, which was not reflected at the proteome level.
The two main known response pathways of B[a]P exposure, the AHR and NRF2 pathways, were not detected by
PaintOmics. The simple reason is that these pathways
are not represented in the KEGG database. This clearly
illustrates the need for a pathway-based analysis to utilize a
large variety of high-quality pathway databases to increase
the coverage of molecular response pathways or to include
custom-defined pathways.
As IMPaLA is limited to human pathways, we mapped
the murine transcript and protein IDs accordingly. When
IMPaLA was applied to transcriptome and metabolome data,
3841 pathways were found to be enriched, 17 significantly
(q value < 0.05). Alternatively, we manually combined transcriptome and proteome data prior to the IMPaLA-integration with the metabolome layer and yielded 3956 enriched
and 16 significant pathways. We did not observe a consistent
trend between both approaches. In some cases, the q values
changed drastically. The q value for the NRF2 pathway, for
example, dropped by nearly an order of magnitude in the
latter approach compared to the two-layer one. See Supplemental Text and Figures, Section S3.1, for details on the
IMPaLA-based analysis.
In summary, neither PaintOmics nor IMPaLA completely satisfy the needs for a pathway-based integration of
toxicological multi-omics data. While IMPaLA provides a
better integration of pathway databases, PaintOmics exclusively utilizes time-series data and supports more than two
omics layers. Both lack support for species-specific or custom-defined pathways and the option to export charts in easily
editable formats, like svg or pdf. Our results illustrate that
the combination of comprehensive information on multiple
molecular levels increases the explanatory power (mitochondrial response data). In contrast, combining omics layers with
strongly varying degree of coverage in the different layers, as
observed for the older murine hepatocyte data set, is not only
not beneficial but also detrimental compared to single-omics
analysis of the layer with the highest information content.
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Fig. 5  Variance explained by the MOFA model trained on the B[a]P
data set. On top, the total amount of explained variance within the
different omics layers is shown. The vast majority of transcriptomic
variance can be explained by this model, while merely up to 30% can
be explained in the proteome and metabolome layer, respectively. The
chart at the bottom displays the explained variance for each latent
factor and omics layer. As usual with dimensionality reduction techniques, the first components (here: latent factors) capture more variance. MOFA was able to encapsulate variance of all three omics layer
into one latent factor (see LF 1 and 2) highlighting co-regulation of
certain transcripts, proteins, and metabolites

variation (Argelaguet et al. 2018). The method implements
a generalization of principle components analysis aiming at
inferring a low-dimensional representation of the data using
latent factors. A latent factor is analogous to a principle
component but combines data over different omics layers,
i.e. separate data matrices. Due to the non-paired nature of
the datasets used, we had to aggregate these over treatment
groups. The resulting low number of conditions may limit
the results of the MOFA-analysis.
Figure 5 illustrates the explained variance per latent factor (LF) across all omics layers after training the model.
LF1 and LF2 explained most variance across all three omics
layers, reflecting co-variation between features of these layers, while the importance of the remaining factors decreased
rapidly. A detailed description on model selection and most
relevant transcripts, proteins, and metabolites in each LF is
provided in Supplemental Text and Figures, Section S3.2.
For each LF, we conducted gene set enrichment analyses (GSEA) against MSigDB 7 (Subramanian et al. 2005;
Liberzon et al. 2015). In brief, LF1 includes, gene sets for
regulating gene expression and cellular responses, whereas
LF2 covers gene sets for xenobiotic metabolism and apoptosis. In LF6, significantly enriched gene sets were mainly
mitochondrial- or cancer-associated gene sets. No such clear

7

http://software.broadinstitute.org/gsea/msigdb.
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conclusion could be drawn from the remaining latent factors
(see Supplementary Table S2).
MOFA is a powerful and easy-to-use tool for integrating multi-omics data sets of arbitrary layers. It is able to
encapsulate elements of heterogeneity across omics layers
and helps to infer their biological function. However, the
latter investigation would strongly benefit from the option to
jointly analyze multiple omics layers. Furthermore, MOFA is
not able to explicitly interpret time series data; instead each
time point is interpreted as an independent condition.

Joint gene set enrichment analysis
As an alternative to the omics-layer-specific gene set
enrichment in MOFA we evaluated the results of a GSEA
in a union of transcriptome and proteome data versus the
individual omics layers relying on the 12 h and 24 h time
points of exposure to the high B[a]P concentration. Overall, we observed lower adjusted p values when combining
transcriptome and proteome information compared to the
single-omics approaches (Supplementary Figure S12). Venn
diagrams of the overlap between the enriched pathways indicate that a combination of omics layers mainly lead to a
gain of additionally enriched gene sets, while only few were
found only in single-omics experiments at 24 h, which was
less pronounced at 12 h (Fig. 6). Apart from the increase
in detected gene sets, the adjusted p values of sets found to
be significantly enriched with a single transcriptomic and a
combined approach were similar (12 h) or stronger (24 h)
when omics layers were combined.
These findings suggest that the advantages of more identified gene sets with stronger p values, outweigh the disadvantages, of a small number of gene sets not found in
the multi-omics approach and that an increase of noise that
might have been provoked by the combination of multiple
omics layer seems a minor issue.
In summary, several approaches seem applicable for
multi-omics data integration and pathway detection in a toxicological setting. However, all available methods have inherent disadvantages that need to be addressed to use them for
risk assessment purposes. Furthermore, only a combination
of different tools is currently able to draw a comprehensive
picture of the triggered molecular responses in the cell.

Conclusions
Here, we reviewed the state-of-the-art options for multiomics data acquisition and data analysis and the prospects
and challenges for employing multi-omics data integration in
toxicology. In part, we base our conclusions on a retrospective analysis of available multi-omics data for toxicological
research questions.
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Toxicologic multi-omics data sets beyond two omics layers are rare. Multi-omics data are distributed over several
repositories and typically there are no links between corresponding data sets. Therefore, we implemented the publicly
available web-tool MOD-Finder to facilitate the search
for multi-omics data for a compound of interest Canzler
et al. (2019). Using MOD-Finder and manual curation we
compiled a table of multi-omics data sets for toxicological
research questions (Supplementary Table S1). As this phase
of the XomeTox project aimed at deriving best practices
and guidelines for the multi-omics oral rat toxicity study in
phase II of the project, we particularly aimed at identifying
or compiling multi-omics data sets with three or more omics
layers. From this analysis, we can conclude that toxicological multi-omics data sets with three and more layers are rare.
Also, most data sets we compiled are of limited utility from
a current perspective, as many are fairly dated and consequently employ out-dated methods for omics data acquisition. While this is not a serious problem for transcriptomics data, where microarrays may have their disadvantages
compared to RNA-seq but still provide a broad coverage of
the transcriptome layer, the situation is different for proteomics and metabolomics data. Older proteomics data sets are
often based on the DIGE technique and comprise only data
for comparably few strongly differentially expressed proteins, which hampers integration with the other omics layers.
Metabolomics data frequently consist of targeted analyses
of a small number of metabolites, which again generates
difficulties for the integration, in particular if many of the
detected metabolites cannot be properly mapped to mainstream data bases like KEGG.
None of the triple omics data sets we compiled that
uses up-to-date methods follows a split-sample or at least
a source matched study design. For those data sets, which
we compiled from different studies this is expected. However, also for data sets where all omics layers where generated in one study, we did not obtain a paired-sample
study. For older experiments, this is not surprising: in a
split-sample design, the available sample material is often
limiting and one of the features that changed dramatically
during the technical development over the last couple of
years is the sensitivity and thus material consumption of
omics techniques. Non-paired samples, however, have an
important consequence for data analysis: As there is no
inherent order in the vector of experiments, e.g., correlations cannot be computed over the entire set of samples but
only over an aggregate over experimental conditions. The
consequence for methods like correlation network inference or many dimensionality reduction techniques often is
that due to the limited number of experimental conditions,
the aggregated data vectors are too short for a meaningful
application.
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(a)

(b)
Fig. 6  Comparison of the number of significantly enriched gene sets
(FDR < 0.01) and the distribution of adjusted p values at 12 h (a)
and 24 h (b) post-exposure to B[a]P. The Venn diagrams on the left
side display the total number of significantly enriched gene sets that
were either detected with a single transcriptome, single proteome, or
a combined transcriptome/proteome approach. Overlapping sets indicate an enrichment with more than one method. The boxplots on the

right side compare the distribution of adjusted p values of gene sets
that were found to be significantly enriched. The top layer displays
adjusted p values of gene sets found exclusively significantly enriched
with the single transcriptome, the bottom layer of those exclusively
found with the combined transcriptome/proteome method, and the
layer in between of gene sets found with both approaches

A flexible pathway enrichment tool for triple omics data
and beyond is missing. There is a broad range of multiomics data integration and analysis tools available (see Section “Multi‑omics data analysis”). However, many of these
methods are exclusively available for dual omics data. Also,
many approaches focus solely on dimensionality reduction
and the selection of features for classification tasks. While
the classification of tissue based on multi-omics data, e.g.,
into different tumor subtypes is an important challenge in

oncology, classification is of less importance for toxicological applications. In our opinion of particular relevance for
toxicology are (i) detecting a pathway response to exposure,
to associate the molecular response with certain key events
of an AOP and (ii) the refinement of AOPs using multiomics data. A pathway response is typically detected using
pathway or more formally term enrichment among a set of
responding biomolecules. Only few such tools are available
for multi-omics data. We have evaluated several pathway
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enrichment tools in the case study section. While each of the
evaluated tools had its strengths and weaknesses, none fully
addressed a set of basic requirements, which we consider
fundamental for multi-omics pathway analysis in toxicology: (i) The capability to deal with more than two omics
layers, e.g., the four layers that we have selected for the second phase of XomeTox in Section “Multi‑omics in toxicology” or ideally with an arbitrary number of omics layers.
(ii) Interacting with a flexible set of pathway databases and
permitting the definition of custom pathways. (iii) Providing at least rudimentary support (e.g., like PaintOmics)
for time series data. (iv) Allowing to use concentration and
time resolved data. (v) Providing capabilities to visualize
enriched pathways and provide this visualization in a vector
graphics format.
Several tools are available for network inference or pathway extension using multi-omics data. However, to the best
of our knowledge, all available tools are focused on a specific combination of omics layers, many inspired by cancer
research involving copy number variation (e.g., Zarayeneh
et al. (2017), Yuan et al. (2018)) and none of them is geared
towards the four omics layers we have selected.
Multi-omics data integration improves pathway detection.
The main hypothesis XomeTox is based on is that multiomics data improve the detection of a pathway response
due to a more complete representation of the pathway in the
data compared to single-omics data. However, integration
of different omics layers may also add up noise, either due
to limitations of the experimental design or the inherent variance in time scales within and between the omics layers (see
Section “Multi‑omics in toxicology”). To objectify whether
multi-omics data improves detection of a pathway response,
we proposed to select omics data for a well understood AOP
or mode of action and compare the significance of pathway
detection, e.g., via term enrichment for the multi-omics case
versus the single-omics layers. A recently published data
set on mitochondrial stress response served as an optimal
setting for multi-omics data integration, as it provided high
coverage across all omics layers. We observed a remarkable
increase in confidence in the detection of triggered pathways, clearly demonstrating the power of multi-omics data
integration. A data set on B[a]P exposure of hepatocytes
demonstrated the challenges in multi-omics data analysis
with older data sets that exhibit varying levels of coverage
across the omics layers. While we detected enrichments
for NRF2 and AHR pathways or B[a]P metabolism in all
integration approaches these were often not significant and
confidence improved only with some approaches of multiomics integration compared to single-omics analysis. We
would also expect a more pronounced effect for multi-omics
data generated according to our proposed best practices in
particular following a split-sample design. In summary, we
argue that multi-omics data integration can significantly
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improve the detection of a pathway response if the quality
and coverage of the individual omics experiments is high.
Best practices and pitfalls for multi-omics in toxicology.
First, and probably most importantly, multi-omics needs to
be considered in study design from the beginning. Adding
another omics layer to existing omics data later on is strongly
limiting the power of the approach. The experimental design
should follow a split sample approach. If there is a biological
reason to compare different tissues or sample materials, e.g.,
transcriptome in tissue and serum metabolome, one should
adhere to a source matched design.
Sampling should be performed at identical time points for
all omics layers to enable a split sample or source matched
design. To account for the different time scales within and
between omics layers, either a dense time resolution covering the different time scales from the beginning of exposure
and paralleled by an appropriate modeling strategy could
be used, which might however be difficult to realize in an
animal experiment and also conflicts with RRR goals. Alternatively, we propose to adhere to a repeated dosing scheme,
and start acquiring omics layers after a time span that guarantees to reach a steady state of the pathway response. To
discriminate adaptive from adverse responses we expect that
a recovery phase provides important insights.
Omics layers should be selected to maximize the coverage for the pathways in focus, if this information is available prior to the study. From a current perspective, we recommend to include both transcriptomics and proteomics,
although some of the generated information is redundant.
However, the case studies demonstrated that they mutually
improved pathway detection. Both should be acquired in a
non-targeted fashion. We expect phosphoproteomics to provide important contributions to pathway interrogation. Due
to the lack of phosphoproteomics layers in any data sets we
have compiled, we cannot currently judge on the merits of
phosphoproteomics. The contribution of metabolomics was
hard to assess in data we have used. Metabolomics should
be acquired using a broad targeted approach that provides
metabolites, which also can be mapped to pathways in
standard databases, or ideally additionally including a nontargeted strategy. Epigenomics may provide important information for studies aiming at trans-generational or long-term
effects. However, detecting a pathway response from epigenomic data is still limited.
Acquired data should be deposited in the available repositories. Meta data should follow the guidelines proposed by
consortia like MAQC (Shi et al. 2017). To enable linking of
the omics data, links to the other layers should be included
in the meta data. Based on the experience made with MODFinder, we call for encoding a unique identifier for the
substance used and the concentration and time point in the
meta data. Frequently, this information can only be retrieved
from an accompanying publication.

Archives of Toxicology (2020) 94:371–388

When assembling multi-omics data from independent experiments, e.g., using the MOD-Finder researches
should be aware of the non-paired nature of the samples,
which may require aggregation of the samples over experimental conditions or employing a meta analysis subsequent
to an analysis of the individual omics layer as proposed in
Tarazona et al. (2018). Also, even if time points and concentrations match, noise can still be introduced by diverging cell
lines or strains even if identically named and differences in
the substance formulation or the substance itself, regarding
purity or contained byproducts, when obtained from different suppliers.
Prospects and challenges for a regulatory use of multiomics data. In addition to the best practices discussed above,
regulatory application demands more considerations, particularly regarding the reproducibility of data acquisition
and data analysis.
Methods for omics data acquisition develop at a high
pace. As we learned during the case studies, using up-to-date
technology would have provided considerable advantages
over the in part comparably old data we used. Consequently,
any omics technology that would be used in a regulatory setting would be quickly outdated. How long would it be useful
to stick to an outdated technology for consistency reasons,
despite up-to-date approaches would provide advantages like
better coverage and thus also more insight?
While animal experiments employing apical endpoints
could be independently replicated probably after decades,
as long as the used animal strain would be available, this
is not the case for omics data. Commercial platforms are—
sometimes abruptly—discontinued and replicating a microarray experiment with a platform used 15 years ago is simply
impossible. Omics data for regulatory application could thus
build on “open source kits” and materials, which could be
custom manufactured later. However, for instrumentation
this is not feasible. Regulatory application would thus need
to build on optimal reproducibility of the analysis, which
was called the second best alternative to full replication
(Peng 2011).
We have summarized the main requirements of Reproducible Computational Research in Section “Multi‑omics
data analysis”. One important constituent of reproducibility
is reporting all versions, parameters, and data connections
and linking analysis code and results. We provide a software
for the analysis of omics data that supports reproducibility
(Kämpf et al. 2019). Additionally, full reproducibility also
requires to preserve the computational environment that was
used for the analysis (Grüning et al. 2018). The authors of
Nextflow provide a solution that strongly builds on using
containers (Di Tommaso et al. 2017). The latter is important to prevent an effect termed numerical instability, the
observation that exactly the same analysis code can lead to
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diverging results on different computational architectures,
due the accumulation of tiny numerical errors.
Finally, regulatory application requires stringent quality
control of the individual omics layers and the integrative
analysis. For the individual omics layers several tools are
available, typically depending on the technology or platform
used. For the integrative analysis, developing quality criteria
is an urgent task. As a start we propose to investigate the
pathway associations of the individual versus the integrative
analysis to monitor erroneous results due to accumulation
of noise.
In summary, we propose to further evaluate the potential
of multi-omics in toxicological research. We have presented
promising results in the cases studies. However, we urgently
need to generate a multi-layer omics experiment based on
a multi-omics focused design using up-to-date omics techniques. This will allow to more thoroughly evaluate the
promises of multi-omics, to employ different integration
methods, and to further evaluate the contribution of individual omics layers.
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