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Background
Multi-omics data, such as epigenomics, transcriptomics,
proteomics, and metabolomics, are increasingly used to
detect molecular responses to environmental exposures
[1]. The integration of several omics layers can inform
changes occurring in the structure, function, and dynamics of the body on a cellular level [2]. The correct
identification of the effects of environmental exposures
on the body is crucial in understanding disease development and progression [3]. Early life, i.e., pregnancy and
childhood, is regarded as the most crucial periods of the
developmental stages [4]. Environmental exposures in
early life can have far reaching influences on the wellbeing and health of the individual [4]. Hence, the identification of these exposures and effects on the organism
becomes critical.

Variability of omics biomarkers in epidemiological studies

Omics biomarkers can pose objective measures of
exposure, as they might be able to depict “true” exposure
in individuals, i.e., the average exposure over a month or
year [5]. Exposure biomarkers measure the extrinsic
variables individuals are exposed to, for example, diet,
tobacco smoke, pesticides, and air pollution. However,
the technical and biological variability of omics profiles
needs to be assessed. Epidemiological studies predominantly
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rely on single measurements [6]; hence, the biological
variability of omics profiles should be known to interpret
changes and classify individuals correctly. High variability
can lead to biased results, namely misclassification bias
which leads to incorrect effect estimates [7]. Variability
can be influenced by the circadian rhythm, season, or
individual characteristics and can be categorized into
within-individual variability and between-individual
variability [5]. Thereby, between-individual variability is
desired to be higher than within-individual variability, so
the investigated changes are due to differences between
the subjects. Another important source of variability that
has to be considered in omics studies is the technical variability that is derived from the laboratory methods and
procedures [5]. This becomes a crucial issue when measuring numerous compounds with omics technologies in a
large set of samples as in epidemiological studies. Technical variability in omics data includes random measurement errors that reduce statistical power [5], but also
systematic measurement errors, such as batch effects, that
lead to biased results. Technical variability needs to be
addressed, e.g., by running quality controls, standardized
procedures, normalization of the data, replication of the
analysis, statistical adjustment, and proper randomization
of the samples according to the study design [8].
Studying variability of multi-omics layers in early life

In the present study of Gallego-Paüls et al. [9], the variability of six omics layers, namely blood DNA methylation, gene expression, miRNA, proteins, and serum and
urine metabolites, from 156 children are evaluated. These
children from six European cohort studies participate in
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the Human Early-Life Exposome (HELIX) project and
have been sampled at two time points around 6 months
apart. This study comprehensively assesses the withinindividual and between-individual variability of each omics
layer, evaluates the interrelationships between the variability in the omics layers, and analyzes the influence of
several factors on the variability. The authors report large
heterogeneity between the omics layers and their variability. Age, body-mass-index (BMI), and hour of collection
are the characteristics with the highest influence on the
variability, while variability due to cohort membership is
small. DNA methylation and serum metabolites are the
most stable features, with high between-individual variability and lower within-individual variability. Proteins and
urinary metabolites present somewhat more variability;
however, they show great heterogeneity between the features. Lastly, gene expression presents the highest variability and is therefore the least stable omics layer.
The HELIX project set out to establish the early life
exposome which includes the complete set of exposures
individuals are exposed to during pregnancy and childhood [3]. To correctly measure all exposures during
early life, the uncertainty in exposure estimates needs to
be assessed. Therefore, each omics layer should be reliable, i.e., present small variability over time in an individual. These results show the various variability profiles
of the omics layers and their features in European children. The discovered influences on variability advance
the understanding and interpretation of individual omics
changes in children. Nevertheless, these results are based
on a small sample of children and need to be replicated
in larger and broader populations of children. The great
strengths of this study are the inclusion of healthy
children from different European countries and the
evaluation of several omics layers. On the other hand,
only a targeted analysis was performed for proteomics
and metabolomics, and the use of untargeted analysis
would result in a broader picture of all features
belonging in the different layers. Furthermore, no
technical replicate samples were analyzed in the
laboratory; hence, the technical variability was only to
some extent controlled for. Last but not the least,
dietary intake on the day before sample collection
was not controlled for; however, it may particularly
impact urinary metabolites and may be one reason
for the lower reliability observed here.

Conclusion
The study by Gallego-Paüls et al. demonstrates that
single measurements of DNA methylation and serum
metabolites can be used to depict exposure in children
over 6 months. In contrast, proteins, urinary metabolites,
and gene expression are rather used to depict a shortterm exposure in children. However, for proteins and
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urinary metabolites, it is also highly dependent on the
individual compounds as some of them are more reliable
than others. The variability of the omics profiles can be
reduced by adjusting for age and BMI and by following
standard protocols for sample collection. Despite some
limitations, the present study reports on an important
topic, i.e., the omics-based exposure assessment in children, which has been understudied. It further paves the
road for future large epidemiological studies that plan to
include multiple omics layers.
Acknowledgements
Not applicable.
Authors’ contributions
JG and AF wrote the commentary. Both authors read and approved the final
manuscript.
Funding
The research of Jantje Goerdten and Anna Floegel is currently funded by the
German Research Foundation (DFG FL 884/3-1) and the Agence Nationale
de La Recherche. The funding bodies had no influence on the writing of the
commentary.
Availability of data and materials
Not applicable.

Declarations
Ethics approval and consent to participate
Not applicable.
Consent for publication
Not applicable.
Competing interests
The authors declare that they have no competing interests.
Received: 6 August 2021 Accepted: 6 August 2021

References
1. Narad P, Kirthanashri SV. Introduction to Omics. In: Arivaradarajan P, Misra G,
editors. Omics approaches, technologies and applications: integrative
approaches for understanding OMICS data. Singapore: Springer Singapore;
2018. p. 1–10. https://doi.org/10.1007/978-981-13-2925-8_1.
2. Chu SH, Huang M, Kelly RS, Benedetti E, Siddiqui JK, Zeleznik OA, et al.
Integration of metabolomic and other omics data in population-based
study designs: an epidemiological perspective. Metabolites. 2019;9(6):117.
https://doi.org/10.3390/metabo9060117.
3. Vrijheid M, Slama R, Robinson O, Chatzi L, Coen M, van den Hazel P,
et al. The human early-life exposome (HELIX): project rationale and
design. Environ Health Perspect. 2014;122(6):535–44. https://doi.org/1
0.1289/ehp.1307204.
4. DiBattista A, Chakraborty P. Quantitative characterization of the urine and
serum metabolomes of children is essential for ‘omics’ studies. BMC Med.
2018;16(1):222. https://doi.org/10.1186/s12916-018-1219-z.
5. Sampson JN, Boca SM, Shu XO, Stolzenberg-Solomon RZ, Matthews
CE, Hsing AW, et al. Metabolomics in epidemiology: sources of
variability in metabolite measurements and implications. Cancer
Epidemiol Biomark Prev. 2013;22(4):631–40. https://doi.org/10.1158/1
055-9965.EPI-12-1109.
6. Pleil JD, Sobus JR. Estimating lifetime risk from spot biomarker data and
intraclass correlation coefficients (ICC). J Toxicol Environ Health A Curr Iss.
2013;76(12):747–66. https://doi.org/10.1080/15287394.2013.821394.
7. White E. Measurement error in biomarkers: sources, assessment, and impact
on studies. IARC Sci Publ. 2011;163:143–61.

Goerdten and Floegel BMC Medicine

8.

9.

(2021) 19:210

Everson TM, Marsit CJ. Integrating -omics approaches into human
population-based studies of prenatal and early-life exposures. Curr
Environ Health Rep. 2018;5(3):328–37. https://doi.org/10.1007/s40572018-0204-1.
Gallego-Paüls M, Hernández-Ferrer C, Bustamente M, Basagaña X, BarreraGómez J, Lau CHE, et al. Variability of multi-omics profiles in a populationbased child cohort. BMC Med. 2021;19(1):166. https://doi.org/10.1186/s1291
6-021-02027-z.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Page 3 of 3

