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Biological complexity: an overview

The different layers of organization establish complex links
allowing properties to emerge.

NETWORKS .
0 ,r»'. o DNA Genomics
> ()] 3 Storr:rahr
= -'q:__; : NCEETL\k/Lé)L?KRs Cung ) | [10dney T . t .
X a Functions| ., — VR VoL Y ranscriptomics
2 g_ ',." A= = Multi-omics
g- = [ Processes| e Proteins | roteomics
CD = 2,':0':;“ .
o) K7 B . : .
O &3 Pathways Biochemical Metabolomics
O E i\'ler S
LL] GENES ) -
SOOI Biological
' Phenotype

Processes and pathways interact with each other, defining ce»__%o
types, organs, and the organism as a whole.

UNIVERSITA DI BOLOGNA



Metabolomics as a molecular phenotyping approach

Metabolites are the end products of cellular processes.

na  Genomics They can help define
intermediate phenotypes, I.e.
precursors to final phenotypes
Proteomics and complex traits

Transcriptomics
RNA

Proteins

Biochemical Metabolomics - .
N = S Metabolomics aims to

| . characterize and quantify low
ntermediate phenotypes _ _
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Metabolomics as a molecular phenotyping approach

Main approaches:
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50 - 200 Metabolites
@ biocrates

The future of research and health

Low detection limit
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Limited targets
Requires standards
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Source: De San-Martin et al. 2021
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~1000 Metabolites
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Comprehensive

High throughput
Unexpected/novel metabolites
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Unknown compounds
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Biological matrices for metabolomics

Urine, semen, milk ... Blood is one of the most widely used matrices

A

« Each organ is fed and drained by blood

» Blood is sensitive to the effects of health
h\ or disease, genetic variation,

environment, nutrition, or the impact of

toxicants

Adipose
tissue

It can be easily obtained.

Hearth, brain, kidneys ...
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Applications of metabolomic phenotyping:
Pilot study on Italian heavy pigs

Animal
Volume 10, Issue 10, 2016, Pages 1741-1748

Metabolomics evidences plasma and serum
biomarkers differentiating two heavy pig
breeds

S.Bovo !9, G. Mazzoni ! @, G. Galimberti ¢, D.G. Cald 2, F. Fanelli *, M. Mezzullo ?, G. Schiavo
A. Manisi 4, P. Trevisi , P. Bosi 1, S. Dall’'Olio !, U. Pagotto ?, L. Fontanesi ! =

e Biofluid: Plasma and serum
* Analysis : Targeted
 Comparison: Between breeds (ILW vs IDU)

Targeted metabolomics

Biocrates AbsolutelDQ p180 Kit
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Biological relevance

membrane damage

Metabolite classes No.
(selected)
Acylcarnitines 40 [Energy metabolism
fatty acid transport
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Applications of metabolomic phenotyping:
Pilot study on Italian heavy pigs

Breed comparison ”

12 Italian Large White 12 Italian Duroc
(6M + 6F) 6M + 6F
EDTA' — Plasma EDTA' — Plasma
V \V4 . . .
Blood Blood Biofluid comparison
' — Serum ' — Serum
V V




Applications of metabolomic phenotyping:
Pilot study on Italian heavy pigs
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Table 2 Metabolites selected by sPLS-DA that were stable and significant in plasma and serum (P < 0.20)
ID ILW Stability>  Significance’
Biofluid Metabolic class  Metabolite' Meang SDg Mean, SD, Meang SDg Mean, SD, t Py t P, Direction®

7 metabolites

Plasma Sphingomyelins SM (OH) C14:1 169 0.18 0.14 0.18 140 050 -0.4 015 24 0.037 0.9066 0.000 ID

discriminate Biogenic Amines Ac.Omn 693 362 —342 384 1411 307 342 301 24 0.064 —1.0855 0.001 ILW
Kynurenine 048 025 —018 027 1.01 027 018 021 24 0066 0.1169 0.177 ILW
Serum  Sphingomyelins SM (OH) C14:1 174 021 015 020 137 018 —0.15 021 24 0029 02798 0.008 ID
between breeds SM(OH) C16:1 243 039 022 034 183 029 —022 034 22 0084 02957 0.012 ID
SM C16:0 7436 712 477 642 6178 513 —477 641 24 0021 03759 0.002 ID

Biogenic Amines Ac.0m 624 348 —3.15 3.77 1298 236 3.5 238 24 0052 —1.1162 0.001 ILW P
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Scaling up

Scaling up the analysis using untargeted metabolomics on around
1000 samples — 243 Castrated males

Italian Large White
e 727 samples

—— 484 Entire gilts (females)

Comparison

— 78 Castrated males

Italian Duroc
e 271 samples

— 193 Entire gilts (females) =~



Approach: Untargeted metabolomics
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Biofluid: Plasma U

Platform: Metabolon™

SMALL MOLECULES, BIG INSIGEH

796 metabolites measured:
* 642 Endogenous
« 88 Unnamed
* 66 Xenobiotic
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Approach: Untargeted metabolomics
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Quality control

* Internal QC practices implemented by the data providers:
* QC-normalization

* Anchor sample merging

 Additional QCs (within breed) :

* |dentified and removed outlier metabolite values (> 5 times outside the
interquartile range)

« Removed metabolites with > 25% of missing values or outliers

« Excluded Xenobiotic metabolites from the analysis

580 metabolites passed all QCs and were used in the analysis
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Missing data imputation

Missing metabolite values imputed with MICE (Missing data Imputation
with Chained Equations)

 Imputation algorithm: Predictive Mean Matching (PMM)

* Predictors: Top 10 correlated metabolites (Endogenous only)

« 5 MICE runs generating 5 datasets each => to account for the
random component

Total of 25 imputed datasets
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Removal of confounding effects

Confounding effects removed with a linear model:
« Slaughter date
* Weight of the animal

e Sex




PC2

Principal component analysis
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PCA on all 580 metabolite
residuals analyzed after missing
data imputation

PC2 shows the most difference
between the two breeds
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Detection of differentially abundant metabolites

Two methods applied in this study:
» Sparse Partial Least Squares Discriminant Analysis
(sPLS-DA): multivariate method best suited for analysing

multicollinear data with a high number of features

 Boruta: All-relevant feature selection method based on

Random Forest classification (machine learning)

16
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Feature selection: Imputed i
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> 5x5=25x

with NAs — Seed #2 O ¥
Effect of «random» Effect of
Seed #3 over data «random» over 5x 5 = 25x
generation feature selection
Seed #4 oo . 5x5=25x
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data generation 125 x ALMA MATER STUDIORUM
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Imputed

Feature selection: [ .

Accounting for the
sample effect
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@

Effect of «random component» over

data generation
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Features selected
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MICE random seed = 4000 | MICE muitiple imputation = 1

MICE random seed = 5000 | MICE multiple imputation = 1

0 20 0 ) 50 Intersection

SPLSDA random seed

MICE random seed = 1000 | MICE multiple imputation = 2

MICE randam seed = 2000 | MICE multiple imputation = 2

MICE random seed = 3000 | MICE multiple imputation = 2

MICE random seed = 4000 | MICE multiple imputation = 2

MICE random seed = 5000 | MICE multiple imputation = 2

20 E) £
SPLSDA random seed

electi

MICE random seed = 1000 | MICE muliple imputation = 3

MICE random seed = 2000 | MICE multiple imputation = 3

MICE random seed = 3000 | MICE multiple imputation = 3

MICE random seed = 4000 | MICE muliple imputation = 3

MICE random seed = 5000 | MICE multple imputation = 3

50 htersection

0 30 )
SPLSDA random seed

MICE random seed = 1000 | MICE multiple imputation = 4

MICE random seed = 2000 | MICE multiple imputation = 4

MICE random seed = 3000 | MICE multiple imputation = 4

MICE random seed = 4000 | MICE multiple imputation = 4

MICE random seed = 5000 | MICE multiple imputation = 4

20 0 )
SPLSDA random seed

50 Intersection

sults - sPLS-DA

MICE random seed = 1000 | MICE multiple imputation = 5

MICE random seed = 2000 | MICE muliple imputation = 5

MICE random seed = 3000 | MICE multiple imputation = 5

MICE random seed = 4000 | MICE multiple imputation = 5

MICE random seed = 5000 | MICE multiple imputation = 5

o B ) =0
SPLSDA random seed

31 metabolites are

selected in all iterations
and CVs

« Each bar represents a
feature selection iteration

« sSPLS-DA is unstable
across runs
component

=> random
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Feature selecti
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Comparison between Boruta and sPLS-DA results
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* All 31 metabolites selected by sPLS-DA
are also selected by Boruta

* 69 metabolites are selected only by Boruta

Clj |
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0« Total of 100 metabolites selected
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a

)Principal Compb9nent Analvsis on selected features
— a) All 580 metabolites

.
o W e W
e DU e DU

204

b) 31 metabolites selected by both
methods

PC2
o
pPC2

~104

S TR c) 69 metabolites selected by Boruta
Hlag el LI only

T T T T T T T T T T T T T
-40 =20 0 20 40 -7.5 -5.0 =2.5 0.0 2.5 5.0 7.5 10.0

c) d) __d) All 100 metabolites selected by
o - Boruta

! The selected metabolites
L TN show a clear distinction
between the two breeds.

—~104
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Network analysis of selected metabolites

Colored by metabolite class Colored by higher abundance in breed

/ Cluster of lipids Cluster of amino acids 1 (big)\

Trp metabolism
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© Lipids ® Amino acids = Nucleotides ©® Peptides ® Unnamed

N © Cofactors and vitamins = Partially characterized molecules J & Italian DurOC & Italian Large Wh|te
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Pathway analysis of selected metabolites

Branched-chain amino acid catabolism
.Transpoﬂ of small molecules

O Methylmalonate Semialdehyde Dehydrogenase Deficiency . Blsordors:of instemenbrane ransporiers

Oa-hydroxylsobutyric aciduria .Transpon of inorganic cations/anions and amino acids/oligopeptides

O Maple Syrup Urine Disease O Beta-Ketothiolase Deficiency .T'ansmpﬁm'a“'a"“" .SLC-medialed transmembrane transport
ol i )
O}Memylcrotonyl AW, e O Isovalerc acidemia .Ammo acid transport across the plasma membrane

3-Methylglutaconic Aciduna Type |

Methyimalonic Aciduria . SLC transporter disorders

O 3-Methylglutaconic Aciduria Type IV OZ-Meihyl-BHydrowbutryl CoA Dehydrogenase Deficiency Amino acid transport defects (IEMs)

Olsovabﬂc Aciduria O}hydmxyisnbutync acid dehydrogenase deficiency
i . beta-Alanine metabolism
Ischulysyl-roa deiydigenssatiefitiency O 3-Hydroxy-3-Methylglutaryl-CoA Lyase Deficiency .

Carnosinuria, carnosinemia
O}Memwglulacomc Aciduria Type 1l Ureidopropionase Deficiency

O Propionic Acidemia
GABA-Transaminase Deficiency

OVaHne. leucine and isoleucine degradation Leucine, isoleucine and valine metabolism

Tryptophan catabolism leading to NAD+ production

.Kynurenine pathway and links to cell senescence)

.Tryplophan catabolism
. Tryptophan metabolism

. Metabolism of amino acids and derivatives

ODimethylglycine Dehydrogenase Deficiency
Osams‘"em'a O Methionine Metabolism

.Cysteine and methionine catabolism

Hyperglycinemia, non-ketotic

.3-Phosphoglycerate dehydrogenase deficiency

. Dihydropyrimidine Dehydrogenase Deficiency (DHPD)

. Urea cycle and metabolism of amino groups
O Non Ketotic Hyperglycinemia

O Biomarkers for urea cycle disorders

. Pyrimidine metabolism and related diseases

Histidine catabolism
2 O

Tryptophan metabolism pathway

ALMA MATER STUDIORUM
UNIVERSITA DI BOLOGNA



25

Conclusions

We identified several metabolites that could be used as biomarkers to study the
biological basis of complex traits in pigs

We observed intrinsic differences between breeds at the metabolomic level ->
due to the geneticickground

Five metabolites from the tryptophan metabolism pathway discriminate
between breeds

Further investigation on the genetic background determining these differences
IS warranted

Metabolomics offers a promising approach for molecular phenotyping
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