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Introduction Research Objectives
+  IgE-mediated cow's milk allergy - * To integrate and analyse multi-omics data in a (statiscally) meaningful way.
(IgE-CMA) is the most common and () * Togaininsightin IgE-CMA metabolic mechanisms and uncover novel
first diagnosed food allergy (FA) in diagnostic biomarkers.
children, affecting 277.5% of
Infants. DATA INT‘ESES{TSI?SN ® INSIGHT
* Metabolomics, lipidomics and i P ) @ |
microbiomics may uncover novel .5 N,
biomarkers for the diagnosis and ° oo
prognosis of FASs. D oe ° ¢
* The generation of multi-omics data * 9 o
using different high-throughput Lipidomics
methods requires a new approach w —
to analyse and interpret the data. m K
* |ntegration of metabolomics, .
lipidomics and microbiomics PR 2
facilitates discovery of intra- and % / / %
interrelated variables to aid d ol
biological interpretation. | o ? ) . ) g )
Figure 1: Schematic representation of the general multi-omics workflow.

Material and Methods

* Feces from children: * DIABLQO>* e Samples are plotted according to
> IgE-CMA (n =21) » MixOmics R package their scores on the first two .
> non IgE-CMA (n =19) » Multiblock sPLS-DA components of DIABLO (Figure 4)
» other IgE FAs (n=11) > Supervised and the first component of MOFA 7 -
> healthy controls (n = 20) e MOFA! (Figure 5). | R 4
e Three datasets: > MOFA2 R package . .| - o ety
» LC-MS based metabolomics & > Builds upon group Factor Analysis | | .. - AN S A % ::?Efﬁé%m
. . . ) 2 o on-Ig
ipidomics > Unsupervised .
» 165 rDNA microbiome sequencing «  Spearman correlation analysis* T J; o}“
Samples " FL’[OI’S) N S8
‘lw“ P I“ P g % - 5 0 n 5 10
= § [] {N)J(JP) 0 § § y Figure 4: Points represent saFﬁr[lJalZs_aa;eéa%;eirvalues on the two first Figure 5: Points represent samples and their values on the first factor
) I.I ) ) 3 components of the DIABLO model. Healthy samples are less spread over ~ (component) of the MOFA model. Healthy samples tend to have lower
? both components compared to other groups. values for this factor than the other groups.
= U - U
" i o * |nspecting the weights (or loadings) of the components shows the important
[ | HEE IfE - F EE BN [ | x Z; . . . . . . .
s tg s e Eee e . variables within the component, allowing for interpretation of results (Figure
=i II | l.
= = Latent  X,-Loading vectors Latent  X,-Loading vectors Latent  X.-Loading vectors 6 and 7).
- \*mw*//
Figure 2: MOFA decomposes M data matrices (Y, ..Y) into a matrix Figure 3: Schematic representation of how DIABLO decomposes the data matrices into gtﬂgg;g E:jz:; J_r
of factors Z, common for all data matrices and M weight matrices a set of latent variables (or latent components) and a set of loading vectors. Otu00081 DS1.635 +
(W, .. W). Illustration from Argelaguet et al. (2018). Illustration from L& Cao et al. (2021). Otu00100 DS1.7138 +
Otu00002 DS1.3194 +
Otu00136 DS1.143 +
Otu00140 DS1.634 +
Otu00129 DS1.9013 +
. | Otu00208 DS1.1257 . +
 DIABLO and MOFA provide data- : Otu00086 s 1268 - .
driven and holistic tools for multi- » ( BGNPS o o e e o oo
] ] ] A Figure 6: Weights of the microbiomics variables in the first component of Figure 7: Weights of the metabolomics variables in the first factor of the
omics data analysis and biomarker [\ the DIABLO modeL. . The sign of the weight indicates the direction of the ~ MOFA model. Interpretation is equivalent to Figure 6.
. . . . . UHO effect: a positive weight indicates that the feature has higher levels in
d|SCOvery. Dimension reduction is o ° the samples with positive factor values, and vice versa. The color
essential tO explore hlgh J— : /H\ v v Lr}delf(z;\)trissstilgi.sample group where the variable has the maximum level
. . > HO ) N . . .
dimensional data. w gt ¥ » Top 10 variables from each dataset in the first component/factor from DIABLO
. : BB L. . .
Efforts will be made to annotate the | m - | and MOFA were selected: resulting in 51 unique variables.
metabolites using MS/MS «  Spearman correlation analysis between the metabolome (polar and lipid) and
fragmentation and to find the microbiome resulted in 59140 correlations with an absolute Spearman’s
meaningful microbe-metabolite correlation coefficient > 0.5.
relationships , ultimately improving v SRR N * In the top 1% correlations, 14 metabolites (mainly bile acids) and 6 OTUs (e.g.
our understanding of the molecular | Lactobacillus sp.and Enterococcus sp) were found that were present in the 51
mechanisms that drive disease. variables selected with DIABLO and MOFA.
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