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What is omics good for in toxicology?

https://share.america.gov/english-idiom-canary-coal-mine/ https://www.bfr-akademie.de/english/events/nam-omics.html
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Two reasons to use omics for hazard assessment

AOP
Toxicokinetics Toxicodynamics
Aggregate Exposure Pathway (AEP) (Eco)Exposome Adverse Outcome Pathway (AOP)
Source/ External System Adverse
EEEE ¢ B

1. Sensitive detection of hazardous effects
2. ldentification of molecular initiating and key events for AOPs
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Information and time scale hierachy in biochemistry

Genome Transcriptome Proteome Metabolome

Year Day Hour  Time[log)  Minute Second
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From data to biological information

Descriptive and analytical statistics

121....
122....

Volcano PCA SOM PLSD

199

Quantified Biologigal
genes, Information.
proteins,

metabolites Go- Gene _
terms Enrichm >t

Database search

e Every step has been optimized for an omics technique

/ www.ufz.de



Chain of evidence is completed by combination of omics

. - coding RNA
* \../
P > . VS
O, T " . 1)) ®
st NON-cOding ] e
RNA ¥
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Information on mMRNA Information on proteins Information on metabolites
»Which protein functions »Which proteins are there* »Which functions are carried
could be there* But abundance # function out”

e |[n combination with information on the cellular or organ phenotype the underlying
pathways can be inferred

e With the existing methods it is now possible to obtain a (more) complete chain
of evidence

— Combination # integration st de




Integration of omics data requires other approaches

- WGCNA ... IPA ...
Integrative R sssee
Analysis QIAGEN
Sequential | Heamaps, PCA,...| (GO [KEGG GENEONTOLOGY
nitying Biology
Analysis Gene enrichment
Correlation Pathway
of molecules oriented
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Integration of omics in hazard assessment of NMs
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Omics provides more parameters and mechanistic insights

P ffg More measured parameters lead to higher
- resolution
- OMICS data allow more reliable
grouping
OMICS data provide information about

Single Parameter e —— mode of action

based Grouping - Mechanism based grouping
LDH possible
WST
ROS OMICS based
Grouping

> 1000 parameters /" ww.utz.de 9




The people who did the work

/ www.ufz.de

10



A nanotox example

E(I;‘I (r)l:;ilGeﬁt IPA WGCNA
P-value independent analysis X X v Proteome Physicoch(;;mical
FC dependent analysis X v v Properties
Incorporation of small changes X X v
Correlation to treatments X X v T
Enrichment Analysis v v X Metabolome —> . € Transcriptome

o

GENEONTOLOGY
Unifying Biology :::::
QIAGEN

Secretome —» " «——  Toxdata

2% (BR| 2% Be B4 B& BE 2B

Cell specific NM specific
effects Group specific effects
effects
\ )
|

First Grouping Strategies

{
i

/




Correlations with physical and toxicological parameters
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Karkossa et al., Part Fibre Toxicol. 2019 Oct 25;16(1):38

Alveolar epithelial cells

Agglomerate size and cell
viability show strong correlation
with molecular changes
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Correlations with physical and toxicological parameters
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red
magenta
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yellow
black
turquoise
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grey

Bannuscher et al., Nanotoxicology 2020;14(2):181-195

Agglomerate Size (z.average)
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Alveolar macrophages

Agglomerate size and LDH release
show strongest correlation with
molecular changes
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Identification of key drivers

Agglomerate size Silica
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Bannuscher et al., Nanotoxicology 2020;14(2):181-195

- Plotting GS (gene significance) against
MM (module membership)
- GS: correlation of expression profiles
with physicochemical properties
- MM: correlation of expression
profiles with module eigengenes
- ldentification of highly connected
analytes
- Gene significance 2 0.9
- Module membership = 0.9
- Selection of key drivers from all highly
correlating modules
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Key drivers allow grouping of nanomaterials
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There are many more existing software tools

Network }——{ Tools/Methods ]

Joint Bayesian factor

PARADIGM

Similarity |

El'lﬁﬁﬂﬁﬁﬁ

Subramanian et al., Multi-omics Data Integration, Interpretation, and Its Application

m—{ Correlation »Multivariate } _m
[ soint N |

Fusion
|

Bayesian I

Legend

Disease Subtyping

Disease Insights

Biomarker Prediction

Bioinform Biol Insights. 2020; 14: 1177932219899051.

- A wide range of methods are actually
developed with different strengths and
weaknesses

- The optimized choice depends
strongly on the research question

/ www.ufz.de 16


https://www.ncbi.nlm.nih.gov/pubmed/?term=Subramanian%20I%5BAuthor%5D&cauthor=true&cauthor_uid=32076369
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7003173/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7003173/

Conclusions (1)

OMICS techniques allow the determination of the mode of action of NMs

—> Integrative analysis of several OMICS data sets results in a more comprehensive
overview

Weighted Gene Correlation Network Analysis allows the correlation to treatments as
well as physicochemical properties and tox data

- Facilitates development of grouping strategies

Key drivers are identified based on Weighted Gene Correlation Network Analysis results
—> Suitable biomarker candidates for future risk assessment

/ www.ufz.de 17




Microbiome dependent toxicity

Dietary compounds - ® Disease risk
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Koppel N et al., Science (2017)

18



Effects of Glyphosate on the microbiome of pigs and cows

w Our tasks: Molecular analytics for project
. In vivo analysis partners and own fermenter samples

e In 2017 glyphosate was
heaVin discussed in EU Controlled in vitro Sqe;;ﬂ'l?t'gf iﬁlgchecf,atfizzi'ntz urine

cultivation
with specific

glyphosate »  Cultivation of pig microbiota samples
concentrations under controlled conditions in

. . . rx '| i ~ P 1 — fermenters with glyphosate
EPSPS in bacteria an impact 75 umenmicrobiots | IR RUE LY o
on the microbiome was - noeuiate frmenters ERIET D) - 165 rANA gene sea. analysisof samples

discussed

*  Metaproteomics of samples
i In vivo analysis
l &« I
® BMEL funded GIyphOBaC- 2 ,‘ *  Metagenomics of samples
project on the effects of ” 4k o muitro

glyphosate on the intestinal ok
microbiome of cows and pigs L 2

e Due to the presence of the o o

ct.!ltivatior.1 . 13C/15N labelled flux analysis of own
with specific fermenter samples
glyphosate

concentrations

Cecum microbiota
samples used to
inoculate fermenters
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Geno-, phenotype, and taxonomic information by metaomics

Metagenome Metatranscriptome Metaproteome MetaMetabolome
g

t




Meta-omics: information gained by methods

Metabolic web

Protein-SIP

* Full lines depict the maximum

amount of information which
can be obtained, with the
dashed lines signifying less
information obtainable and the
smallest dashes signifying
least information obtainable
from the method

Generally a multi-omics
approach is ideal because the
methods complement each
other well

/




The people who did the work
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Effects of Glyphosate on pig microbiome

Glyphosate (P=0.02)
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Fritz-Wallace K et al., Rapid Commun Mass Spectrom. 2020 Apr 15;34(7)
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Glyphosate does not affect the SCFA metabolism

Bioreactor swine: Short chain fatty acids
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Krause et al., Sci Total Environ. 2020 Nov 25;745:140932

e SCFAs are key for
characterising the overall
metabolic activity of the
microbiome

e There is no effect of
glyphosate detectable

e There is neither an effect on
the metaproteome level
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Glyphosate affects the metabolism very subtly

. NMDS:
e Untargeted metabolomics P =0.001
detects subtle effects Stress 0.138
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Krause et al., Sci Total Environ. 2020 Nov 25;745:140932




Aromatic amino acids might prevent EPSPS dependent

effects
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Krause et al., Sci Total Environ. 2020 Nov 25;745:140932

e Tryptophan and tyrosine were present
in concentrations around 10 pmol and might
have suppressed the expression of EPSPS

e Our results show that there only very subtle
effects of glyphosate in this model

e |t is possible that under protein-limited
conditions like the transition from weaning to
solid food APSSS dependent effects can occur
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Correlation networks can also be used for integration of

metaomics data
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Z | Pi plot of Network analysis Correlation network of genera with significantly
altered abundances with metabolite concentrations and clinical parameters
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Conclusions

e Our results show that there only very subtle effects of glyphosate in this model of pig
microbiome

e Correlation analysis is also a suitable tool for integration of metaomics data and
with other phenotypical information

/ www.ufz.de
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What are the most relevant hurdles for implementing
omics in risk assessment?

i~ i o

T N v o/

fj=V— v = *

(ﬁf ...... i & _:j - Cim,, . S o
Sampling LB L Measurement Bioinformatics

Sample prep.

1. Repeatability and Reproducibility
2. Research Data Management
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- Determination of silica specific effects possible
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