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1. Past: Research Experience
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Multi-Omics Integration (MOI): Why? z

e ——

Conventional . . .
Single omics Trans-omics

molecular biology
Genome

o0 — M A | 45

- £y » dosyy » 1 N
Proteome é 4 ::" 5
k

Metabolome = ' -

other omes

N\
adapted from Yugi et al., 2016,
Trends in Biotechnology 34(4)

~ Adopt a holistic view, rather than a traditional, reductionist,
hypothesis-driven view P T

Kim-Anh Le Cao’s Webinar, Multi omics statistical integration with mixOmix (2019)
5

Integration methods z

Genome

: C 3 A

Transcriptome Bayesian —_— 0% inferred
n J'..—/u;n./a i = posterior
Proteome b -, B
F P
Network ==
- _—

Single omics analysis Correlation / Overlap

o _.%owaf
other omes Multiple — oyt
g steps el ooy -
z L P

_ p L
Metabolome based 'Z/%f‘

&7

!
£

=] ()

Kim-Anh Lé Cao | @mixOmics team 4 Sept 2019

2019 EMBL-ABR webinar series

6 Kim-Anh Le Cao’s Webinar, Multi omics statistical integration with mixOmix (2019)
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Multi Omics Integration (MOI) ‘%

F

= Why MOI? : To give holistic view to understand complex traits

e

- RNA-seq. between two species - RNA-seq, Metagenome and
2 i Metabolome in same animals

7> To find Biomarker and Core (or Interactive) mechanism

New Phenotyping with ICT >z,

Pl

Behaviour, posture
Age/health/fertility | Genetic background| and activity — lying
I >

1 : :
1 1 - standing, walking,
- imate | 1 “ cating, oestrus,

A : rumination, drinking,

location,
temperament

Tail activity, birth
events, calving :
ease, dung and “=~_

urine excretion g

| | Feed intake/nutrient

Body composition/ ’.‘*m,“m . intake

body size and ~
coni)';rlnz‘lati:.:n . S, Methane/breath
/‘ emissions
Rumen pH/body __~ Plant health/
temperature/heart | nutrient content
rate "- -“ .
~ &
Soil health/
Economic Traits: Meat Feet and leg health and nutrient content

Quality/Quantity, Racing/Riding conformation/ locomotion
Frontiers in Sustainable Food Systems, (2018) 2, 31

8 ) Data can be used to monitor and manage animals and their environment
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Sustainability with Climate Change Z

i)
I Global livestock GHG emissions by source
Ecum;(ljni.\': g -_ @
| \‘/’/ )
he climaté lisstie “ ﬁ R \!
90% of procuction [l 0% of production ‘;“.,‘,,., o

FAO’s actions to support countries in making
low carbon and resilient livestock happen

SOLUTION 1 SOLUTION 2
Livestock
?olu'il,onst Productivity improvements Carbon sequestration
Oor climate
change to reduce emission intensities

SOLUTION 3

.‘I " Better livestock integration in the circular
o m bioeconomy
9

) Heat Acclimation, GHG reduction in breeding

8 2%¥(Genetic Model) >,

Meat traits E : RNA
Growth i i Wowing expression)

Reproductio (Assoeiation) T"“""““" Methylation

"  ew Losation Histone
. Medication :
™
R0 MEx

10
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Research Theme | : Animal Breeding

)

m I. Association Study
: Genome-Wide
Candidate gene

Il. Genomic Selection
(=Prediction)

S SNP. Haplotype, RNA-seq

Machine Learning

H yirom.iers
h Genetic

- E + G*E
I. Genomic Breeding
N . genes Wopy

I

Genome-Wide Association Study Identifies 12 Loci Associated
i with Body Weight at Age 8 Weeks in Korean Native Chickens

% Jihye Cha 10, Hyojun Choo **, Krishnamoaorthy Srikanth *@, Seung-Hwan Lee %, Ju-Whan Son !, Mi-Rim Park !,

+ Nayeon Kim ', Gul Won Jang * apd Jong-Eun Park ™*

ORIGINAL RESEARCH

®

Genomic Prediction Accuracy Using
Haplotypes Defined by Size and
Hierarchical Clustering Based on
Linkage Disequilibrium

nd Oafacng

-Hwan Son”, Seung-Hwan Lee’, Byeang Ho Park”,
TanFia Chai’, Hoobal Kim ', Jungiao Loo ™"

Case I: GWAS in Korean Native Chicken

= Analysis Process

- Animals: 1328 KNC (Red 782, Yellow 596)

- Genotypes: llumina 50K (57,636 SNPs)

- Phenotypes: 8 weeks BW

- Method: MLMA in GCTA

- Covariates: Breeds, Sex , Hatching Year, 2 PC

= Phenotypic summary

Table 1. Descriptive statistics for body weight in two Korean native chicken (KNC) populations at age § weeks.

= Heritability & Population Structure

Table 2. Results of variance component estimation for body weight
Source Variance SE
Vg 5842.90 768.40
Ve 662594 40197
¥ 12 468 R4 645.38
[ve/ve 047 004
S Tar T TP T T T

Variance; V p: Phenoty pic varkaner.

Number of Record of (g)
Breed Total Males Females Max Min Mean SD
s a1 887 1380 135 73822 150.11
Red KNC 72 234 1380 335 17366
Vellow KNC 596 207 ™ 10805
L} ¥ 1 W

Count

o -
3
w o]
o} e o= - L

%0 750 1000 1250 500 750 1000 1250
Weight Weight
(@) )

%0 70 1000 1250 500 750 1000 1250

2» BW is highly heritable and two breeds is genetically separated.

12
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Association Result %

-
f
lambda = 1.137
' WDR3? E
5 2 & .
i » ENSGALGO0000047733 ) o
. SLIT2, KCNIP4 H g F
*PPARGCIA MyocD ] n
/ MAP2KE ¢ !
_ TMEMI3IL __apcpay EASCAL eo LNSCA] G n 4
8 T = g
o 4 L} o
g s @ . B %
' K @ 2
. ’ Q
2 B s}
o [ T T T T 1
(7 T T I i
_-_—-II'HIIIH‘IH””H“ 0 1 2 3 4 5
o 1 2 3 4 s & T B 12 wuw®BD Expected —logyg(p)
Chromosome
(a (b}
Table 3. Top single nucleatide polymorphisms (SNPs) associated with body weight trait identified using a linear mixed model approach.

SNPID Chr Position  Minor Allele  Major Allele MAF p-Value SNP Effect Gene Location
Gga_rs15062501 10469206 G A 028 337 x 10°° 33.67 WDR37 Intron
GGaluGA083256 6388108 C A 023 6331077 ~2850 ENSGALGO0000047733 Intron
Gga_rs14490865 75155441 G A 021 342 SLIT2 Intron
GGaluGA265847 74925016 G A 014 4033 KCNIP Intron
GGaluGA263650 74010712 A G 009 4622 PPARGCIA Intragenic
Gga_rs14105952 893043 G A 0.34 2770 MYOCD Intragenic
Gga_rs13506093 804322 A G 047 ~2580 MAP2K4 Downstream
Gga_rs13506254 1185022 c A 028 26.63 ENSGALGO0000054733 Intron
Gga_rs15609279 353546 G A 046 -2230 ENSGALGO00000029660 Intron
Gga_rs13503427 10517429 G A 032 2412 - Intergenic
Gga_rs15508929 1 19924807 G A 005 248 x 10°% —4057 TMEMI3IL Upstream
GGaluGA265746 4 74486766 A G 0.14 2589 » 10°% 33.16 ADGRA3 Downstream

Chr: Chromosome; MAF: Minor allele frequency P effect: the B coefficient indicating the SNP effect size estimated for the minor allele,

13 3 12 SNP markers, Chr. 4 & 18 is possible Quantitative Trait Loci.

Functional Annotation (SNPs’ P-value <0.05) %

Table 4. Gene Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways significantly enriched (p < 0.05) for genes associated with body weight.

Category Term_ID Term Count % p-Value Genes
MAP2K3, MAP2K4, MAP3K3, TGFB2, IL1R1, BDNF,
5 : N NFATC3, MAPKSIP3, TGFBR1, MAPKSIP1, PPP3CA, FGF7,
KEGG_PATHWAY 2gal4010 MAPK signaling pathway 2 30043 0.00 TAOKI, GNATZ MKNK2, RAC, MAPT, 501, 5052,
MAP4K3, MAP4K4
e = - PPP2R2B, MYHIE, MYHIF, MYHID, PPP2R2A, MYHIA,
KEGG_PATHWAY £ga04530 Tight junction 9 12876 003 e
GOTERM_MF_DIRECT GO0003774 Motor activity 3 058584 001 MYHIE, MYHIF, MYH1A, MYHIB, MYHI0, MYOIF
Transcriptional activator activity,
= RNA polymerase Il core : ARNT2, MYOCD, PLAGI, NFATC3, EBF2, NRF1, HIFIA,
GOTERM_MF_DIRECT GOoo0n077 promoter proximal region s 18595 ooz MEOX1, ELF1, NFIA, TBX20, TP3, ZNF750
sequence-specific binding
gnali i , 2Kd, TGFE, BMPRY,
SOTERMMODIRECT P Reccptor signaling protein R Lot . MAP3K3, MAP2K4, TGFB2, BMPR2, TAOKT, TGFBRI,
s serine/threonine kinase activity MAPK
REI, RNASEL, BMPR?, PIDI, KDMIA, TNKS, PLAGI,
Positive regulation of GATA4, TCF20, LDB2, MYSM1, HIF1A, NPAS2, ABRA,
GOTERM_BP_DIRECT GO0045944 transcription from RNA 3 45641 001 SPIC, PPP3CA, EPCAM, CREB3L1, TBX20, CYTLI,
polymerase Il promater PPARGCIA, E2F7, TP63, NCOA1, XRCC6, AUTS2, LMO,
DAB2IP, ARNT, EBF2, ASHIL, BMP5, NFIA, CDH13
Positive reg! i
GOTERM_BP_DIRECT GO:2001235 Positive regulation of apoptotic 5 07153 001 DAB2IP, PTEN, CASP2, TP63, TGFBRI
signaling pathway
“%: the percentage of genes associated with particular annotation terms in the total input gene list; MF: Molecular function; BP: Biological process.

3P These pathways are involved in cell growth and development, related to BW gain.

14
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Case I: GWAS in pig reproduction traits

Materials & Methods

-Dataset ) . -Statistical Analysis

: Animals: 1,061 Yorkshire (Sunjin) Association model (MLMA-loco in
-Phenotypes: Teat number, Piglet number GCTA, Yang et al., 2011)
(NBA, TNB, weight shortfall number, total i
nymber of suckling piglets, and number of Variance component estimation of

. pigs weaned) MLM using REML i

‘-._._jSNP chip: lllumina 60K

Results

Teat Number BB

™ (v b

it i)

&)

NN

Case |I: Genomic Prediction (Haplotype optimization) >z,

P
TABLE 2 | Haplotype and allele statistics of each haplotype defining method at
different sizes.

= Analysis Process

! SNP count-based haplotypes 5SNPs 10SNPs 20 SNPs 50 SNPs
- Animals: 2,494 Hanwoo

- Genotypes. 555,678 SNPs (50K + 770K) [T (e T < o
- Phenotypes: CWT, EMA, BFT Average number of SNPS per 5 10 20 50
haplotypes
Average number of alleles per 11.73349 33.78983 97.71305 334.3237
Giol&] Fu] S curation haplotypes
- Minor allele frequency )
- Hardy-Weinberg equilibrium Minimum SNPs in haplotypes 5 10 20 50
- Genotype rate daximum SNPs in haplotypes 5 10 20 50
assd haplotypes 22.25kb  44.5kb 89kb  2225kb
Phased genotype Number of haplotype allele 1,364,861 1,867,261 2,621,574 3,581,059
markers
Number of haplotypes 97,061 54,163 27,797 11,196
Haploblocks Average number of SNPs per 5725038 10.25936 19.99057 49.63183
haplotypes
Average number of aleles per 14.06188 34.47484 9431140 319.8516
haplotypes
Blmk::Pr:g:go;p;P:I:th Minimum SNPs in haplotypes 2 2 2 2

29 47 71 136
K=N/5 K=N/10 K=N/20 K=N/50

GEBV and marker effect estimation

?:P'.':.;.; et Number of haplotype alleles 1,277,525 1,764,074 2,472,637 3,358,562

Number of haplotypes 111,123 55,554 27,768 11,099

] Average number of SNPs ped 5.000567 10.00248 20.01145 50.06559
i Ac.nlu:uy comparison haplotypes
- 7 = Average number of aleles per 11.49649 31.75422 89.04628 302.6004
haplotypes
Minimum SNPs in haplotypes 1 1 1 1
Accuracy of Maximum SNPs in haplotypes 114 131 141 213

haplotyping methods
K is the number of clusters and N is the number of total SNPs.

16 3 3 Criteria for Haplotype(combination of SNPs) Construction
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Results: Heritability & Accuracy

-
[ 4 )
owr
TABLE 4 | Estimated heritabiliies using haplotypes defined by difierent methods A
and sizes and using individual SNPs.
Average number of SNPs i AR
per haplotype =Py -
CWT 5 10 20 50
SNP count-based haplotypes 0.39 039 0.41 0.43 Average S55Ps per haphonype
Length-based haplotypes 0.38 039 0.40 0.42 i
LD clustering-based haplotypes 039 039 041  [0.43 sy
Individual SNPs 0.36
EMA 5 10 20 50
SNP count-based haplotypes 033 034 035 [038
Length-based haplotypes 0.33 0.34 0.35 0.38
LD clustering-based haplotypes ~ 0.33 034 0.36 0.38 =
Individual SNPs 0.43 Averaie SPs pe hapionpe
BFT 5 10 20 50
wET
SNP count-based haplotypes 0.45 0.46 0.48 0.52
Length-based haplotypes 0.44 045 0.47 0.50
LD clustering-based haplotypes 0.44 045 0.46 0.50
Individual SNPs 0.43
3 More SNP # in Haplotypes

> Heritability t

17

» CWT 3.5%, EMA 4.6%, BFT 2.1% 1t
Optimal SNP #: 4~10, LD: 0.43
SNP Distance: 41K bp

Case |I: Animal breeding using ML

?fronuer_s

[repe—r—

Genomic Prediction of Breeding
Values Using a Subset of SNPs
Identified by Three Machine Learning
Methods

B L, Narxi Zhang, Vou-Gan Wang', Andrew W. Gearge', Antonis Reverter ' and
Yutao L™

RF
o
GBM
: s P . . . . .
Xgboost
.

=z,

Prediction of slaughter age in pigs and
assessment of the predictive value of
phenotypic and genetic information using
random forest

Ahmad Alsahaf 8, George Azzopardi, Bart Ducro, Egiel Hanenberg,

Roel F Veerkamp, Nicolai Petkov

Journal of Animol Science, Volume 96, Issue 12, 3 December 2018, Pages 4935~
4943, https://doi.org/10.1093/jas/sky358

Published: 18 September 2018 Article history v

Table 1.

The performance of random forest regression (RF) and multiple inear regression (MLR) for the
following input matrices and their combinations: phenotype input matrix ( X™ |, EBV input matrix

XUV ) pedigree similarity inp X7 ), geneticpedip X9).and
allinput features | X
Input matrix 4 RMSE

RF MLR RF MLR

X 0525£0009 058020009 061220009 0.64520.008
b Lo 0387£0012 012420006 0.783:0009 0936+0.017
xr 039560011 0218£0010 0.77720010 0.88420.013
x2 0347:0013 020620014 0.603:0010 0.891:0.011
[X7h x BBV 064120009 059620010 059920009 0.635:0.009
[X™ xF| 0640£0.009 058920010 0.599:0009 0.641£0.009
[x™ x9| 0630009 058620010 060420009 0.54320.009
[xEv xF) 0405£0011 025320010 077120009 088420015
(™ x9) 0398£0.012 0261:0013 0.775£0.010 0.860+0.012
(X" x°) 0395£0011 023820013 077720010 0873:0.012
[X# XEBV XP|  0646£0.008 0.599:0.010 0.594:0008 0.633:0.009
[X% XEBV XC| 064420008 060320010 05970009 0.530:0.009
[X™ XP x5] 064260008 0593:0010 0.598:0.008 0.638£0.009
[XEBY XP XC| 041480011 0281£0013 O765:0010 0.848£0.013

o X 064650008 060520010 059420008 0.626£0.009

- 33 -




Case |I: Genomic Prediction (Machine Learning application) z

p -
- animals MDPI|
~ Journal of the Korea Academia-Industrial haeps://dol.org/10.5762/KAIS. 2022.23.4 516
cooperation Society ISSN 1975-4701 / ISSN 2288-4688
Article Vol 23, No. 4 pp. 516-523, 2022
Prediction of Hanwoo Cattle Phenotypes from Genotypes Using
Machine Learning Methods @ SAYA WHBAFYL o8 A o3 AL 33

¢ Loper ', Himansu Kumar ©, Myoungiin Jang. Han-Ha Chai, Woncheoul Park, Ban, oo, way [45e7]
'SRUSY, IUKLAYY &8
THMUNR SAUY BEEID

cwT
o 050 g hsoo #  Estimation of Genetic Prediction Accuracy Using Convolutional
§ o '. hoso B £ s B .
3 040 43 e R0 E % o E Neural Network in Hanwoo
i = §
Yo * 17 2% iR Myoungiin Jang'?, Dajeong Lim', Woncheoul Park', Jong-Eun Park"
: - S 1500 = -
3 53 Gl
¥ o0 is0 £ B & — —
000 1000 o B - .
RF xGE VM GBLUP i - S 5 i i
ms _ s T Hom Z x
=050 sz 150 3 -
3 040 b B ‘Y a2 w g z
£o30 | e Ly 3B E ER
5 i i
E 020 EN 4 % 0 F
3 oa0 | 1§ 3 0 §
£ £ -
000 o o
RF xce | svm | cawe

I XGB has higher predictive cor. in 3P No robust winner.
CWT, MS. But GBLUP more stable Combination(Ensemble) methods
in overall (MSE)! are more stable.

19

Research Theme lI: Bioinformatics %

& frontiers ——

® AR AR

Cardiac and Skeletal Muscle : lll. Gene expression
Transcriptome Response to Heat » N

Stress in Kenyan Chicken Ecotypes (RNA-seq)
Adapted to Low and High Altitudes .
Reveal Differences in Thermal Transcriptome
Tolerance and Stress Response

itk b bl i f bt g .

IV. Other Omics

Coments lss available

Microbiome

Genomics

JOTI DOMEDage: www. 4l BeVier.com/ocatelygan A

Original Article Epl g enetics
Whole metagenome sequencing of cecum microbiomes in Ethiopian Y s

indigenous chickens from two different altitudes reveals antibiotic s,

resistance genes

Himansu Kumar*, Woncheoul Park’, Dajeong Lim", Krishnan

Xin-Zheng Jia“", Jian-Lin Han"", Olivier Hanotte™ |, Jong-Eun Park*", Samuel 0. Oyola
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Case lll: RNA-seq between H/L Chicken under Heat %

= Experimental Design

- Animals: 32 chickens

- Factors: Ecotype(High, Low), Heat(Control, Acute, Chronic), Tissue(Heart, Breast
muscle)

- Phenotypes: Body Temperature

Highland (KALRO Naivasha) Lowland (Mombasa)
(n=186) (n=16)

ACUTE CHRONIC ACUTE CHRONIC

{ \ b i y i }
| ' ! | i ] i ]
'3 £ i s T :
15 gl ! . g i i i
i - B " 2 8200 =
iu E i |§ [ i& 5 1 15 § i
i B! H i 1& s
i | i§ 3 : i E £
¥ ¥ i B E 3 ¥ 15 3
22°Cfor 5h ss'cforsh | ! i 22'Cforsh 3sClorsh L
(n=4) (n=4) i i (n=4) (n=4) | H
M H : ¥ !

3 days_at 22°C 3 days 3 days at22°C 3 : "

(n=4) ssCloravd, | (n=4) i

] i 35°C for 8h/d,
28-30°C for 16h/d, | 28 ~30°C for 16h/d,
(n=4) : (n=4)

21 3 Aim: Understanding mechanism for heat stress in chicken

Phenotype and expression comparison )

Cardiac Muscle Skeletal Muscle
® Increase of rectal temperature (0.6~1.6, °C) ., 4
25 2 L
H L
0 0 H
A Factors
25 25 2 répom
Hyret
201 -50 -4 2 Cronicris
Acute 0 o0 10 5 0 s
157 A
DEGs ALLM CLLM ALLH CLLH AHLM CHLM AHLH CHLH
i up 259 82 136 61 267 91 15 114

Delta Temperature °C

Down 92 60 248 111 55 89 69 56
Total | 351 142 ([384| 172 [ 322 180 | 184| 170

05- - ? 1 — |
" Chronic — - E B c

0.0- ¥ . . . . . . .
AHL CHL  ALL CLL  AHL  CHL ALL CLL

Heat Stress Control

2> Exp. Difference in Ecotype
- More DEGs in Acute Heat Stress

22




Functional Network Comparison and Validation

nseng

[Olacwe [Ojchmonic [ Hean [ Muscle
Low
]

e T
q 2
; oo

1Fe,
()

=)
iR
i’

I [

i

> Correlation between RNA-seq
and gPCR

ccnB2!

[@cue [Octronic [ Hem [ Muscle
2 Common(PPAR, p53) and

23 Specific(MAPK etc.) pathway

Case lll: RNA-seq between H/L Chicken under day cycle

LIVESTOCK RESEARCH

ILRI
LIt g
Eighteen chickens, RNA-seq from high (Addis Ababa) low altitude (Awash) (n=9),
Treatment Tissue Replication
Area

: Heart, breast muscle and spleen
i Time
fr’%\ Morning

i ’ v High | Afternoon Heart, breast muscle and

' .. Evening spleen 3

m “ Morning

: - Low Afternoon :

Evening
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Case IV: Gut Microbiome between H/L Chicken

= Microbial gene number is more abundance in lower area

= More Bacteroidetes in lower area

= Functional difference: E and G information processing and metabolism

NI R R RS
we " -
s / "
e /7 -
- / i
e i

. |

Lt*_wer--aréé

By Curos Ontamce I o o ors
ST

[Microbial abundance]

, ARG difference implicate different usage in antibiotics among region

KEGG pathway annolation
Cellular Processes =
]
-
Environmental Information Processing ;
— "
Genetic Information Processing i
- 18
=
=
=
T——f
—
|
—
e
2
"
2
)
4
0 100 200 300 o0 600

[ARG difference]

Number of Gane

[Functional Annotation]

Case IV: RNA-seq & Microbiome in Pig growth

KNP X Yorkshire
(n=4)

I

2w,

2» Amino acid and energy metabolism pathways difference in microbiota

(backfat)
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Summary )

I. Genomic Breedingg ~  II. Bioinform
I. Association Study lll. Gene expression
g Genome-Wide : (RNA-seq)

Candidate gene * Causal Genes

m Il. Genomic Selection & interaction
(Prediction) a IV. Other Omics

SNP , Microbiome

Haplotype Epigenetics

Precision livestock breeding Breeding factors identification

Optimization for Accuracy | Interaction mechanism
Machine Learning i ¢ Acclimation to heat, Growth
27 Omics study for breeding application

=z

02. Present: Recent Researches
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Research Goal ‘7@

-

r

For Future and Basic For Industrial Application
= Animal Bio-Big data Platform
* Omics Study for New Phenotype

- Data Management
- Climate Change (GHG, E Stress)

- Genomic Prediction
- Efficiency (Growing, Reproduction,

- Biomarker Discovery for Array
Robustness)

(SNP. Gene, Microbe, Metabolite)
- MOI

w,
Ak

i
G\

Environment

1 —|

Global Level Animal Breeding & Bioinformatics Research
for Sustainability

29

Recent projects z

» Comparative transcriptomics under different biotic or abiotic conditions

- Breeds

- Environmental factors

» Effects of Low-methane feeding in cattle

= Basic Research Laboratory for Survival Strategy of Marine Climate-sensitive

Biological Indicator Species

* Jeju Genome Project

30
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Theme I-I: Omics study for climate change (temperature) z

-

#

= Host-microbiome Interaction under climate change in livestock species
(20~, Collaboration-RDA/NRF)
- Phenotypes, Transcriptome, Microbiome under Different THI Condition

- Chicken(Broiler, Egg-layer), Holstein, Hanwoo, Pig(Growing, Finishing)

(b}

- e
I. ll : |:.\.: ‘m - B
onas @ Cam ' I 2 . - ; - . =

i = - = : <k B | HSPAS HSPAZ
£ ey o | y s sucam e
animals (MBPI|
Transcriptomic Response under Heat Stress in Chickens g = I =k
Revealed the Regulation of Genes and Alteration of - KRT80
Metabolism to Maintain Homeostasis = 7

n 1, Pilnam Seong %, Devender Arora '@, Danghyun Shin *, Woncheoul Park |

31 ) Biomarker (patent) & Mechanism under different THI condition

Omics study for climate change (wind) z

-

#

Impact of Wind Speed in High-Temperature Environments on Growth Performance, Physiologic
al Responses, Blood Profile, and Transcriptomic Response in Broilers

3 3 - ( ]

Respiration rate, breaths/min

4 g 500
( ; ap. 3b,

33°C, 60% RH, 0
2 m/s wind speed do d7 di4
N
Experimental design: ELWH ®mMWH HWH
Total of 240 birds (3 groups each with 4 rep, 80 birds/ rep)
*  LWH (Low Wind, High Temperature): 33°C, 60% RH, 0 m/s wind speed.
*  MWH (Medium Wind, High Temperature): 33°C, 60% RH, 0-1.2 m/s wind speed. Rectal temperature, °C
*  HWH (High Wind, High Temperature): 33°C, 60% RH, 1.5-2.5 m/s wind speed.
44 ab
Avg. daily S
Body welght (&) e Avg. daily feed intake (g) "
2800
40
1800 d0 d7 d14
oIWH mMWH = HWH
day 0 day 07day 14 do-7 ds14 407 d-14 .wﬂ?.“sﬁ‘ T &
BLWH = MWH HWH J
e

3, 2 Late BW, Early ADG & Fl change
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Omics study for climate change (wind) z

P
Impact of Wind Speed in High-Temperature Environments on Growth Performance, Physiologi
cal Responses, Blood Profile, and Transcriptomic Response in Broilers
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Figure: Electrolyte concentration in broilers 5 g
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5. Dyl The comparative physiological, blochemical and whole transcriptome
analysis of Ross 308 broilers under different wind conditions
0 . i A0 s
[ _
"
) Transcriptomic differences between Low and Medium
33 pathways related to vital processes, innate immune responses, and biosynthesis
Genomic characteristics in Jeju Breeds z
P -

= Omics based characterization in Korean Native breeds in Jeju
- Genomic Difference proved. But small within diversity (Ne < 40~50)
- For Jeju chicken and dog, genomic studies are required (with Pop. 1)

SCIENTIFIC
REPORTS
P
Comprehensive genome and scientific reports ) ]
transcriptome analyses reveal = V4
genetic relationship, selection o7E Integration of multi-omics V4 BIOSCIENCE
signature, and transcriptome approaches for functional
landscape of small-sized Korean chla;afiterilzat;ipn of muscle e o Job ek cxtla Wil gk
native Je'u horse related selective sweep genes . . R
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Heebal Kim'", Youn-Chul Ryw’, Jin-Wu Nami*, Jong-Eun Park | ', bun-Me Kim"™ & Suyeon Wy, Hyeanp Ha Chat’, Bajeong Lin, in-Cheal Che’,
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Theme I-lI: Transcriptomic characteristics in Jeju Breeds

=z,

Comparison of Meat Quality, Including Fatty Acid Content and Amino Acid Profile, and
Transcriptome Profile Among Jeju Black Cattle, Korean Black Cattle, and Hanwoo

-

leju Black Cattle

Korean black cattle

* Meat Color

* Cooking Loss

* Shear Force (tenderness)
* Texture Profile Analysis

* Free & Constituent Amino

-y

Hanwoo

Sirloin
(Longissimus Lumborum)

Acids * Transcriptome Profile

Fatty Acid Composition

Proximate Meat
Quality iy

35

Transcriptomic characteristics in Jeju Breeds z
Comparison of Meat Quality, Including Fatty Acid Content and Amino Acid Profile, and
Transcriptome Profile Among Jeju Black Cattle, Korean Black Cattle, and Hanwoo

192

Shear force 1
Lysine
Valine

R KEC va. HW - UP 8

i

¥ & B L JBC v HW-DOWN O
Aspartic acid T o 100
Glutamic acid | —
" . 42008 comt 170

' _ - « & 0 .
k| - ® . ® ®
3 ™ . @ > *
4 .
Hanwoo Palmitic acid T E — ' o o5 ° :
i — @ L
5 | e o, @ °
f— g
3 = 4
LeeS., Ko K., Park JE. and Ryu Y.
Food Science of Animal Resources (IF:4.2) , Oct 2024
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Transcriptomic characteristics in Jeju Breeds

Comparison of Meat Quality, Blood Traits, and Transcriptomes between Landrace

and Jeju Native Pig

LO%&S
dorsi | ¥
muscle °

¢ Meat Color (CIE, L*, a*, b*)
* Cooking Loss
+ Shear Force (tenderness)
. pH
* Texture Profile Analysis
* Transcriptome Profile

* MCV (mean corpuscular volume)
* MCH (Mean corpuscular hemoglobin)

i3

=

_ *-B
&

hoH u
NP Landrace * RBC (red blood cell)
* Hemoglobin
( '3 * Hematocrit
blood
37

* Transcriptome Profile

Seq

Transcriptomic characteristics in Jeju Breeds

1.
Landrace and Jeju native pig

L Cooking Loss L ,-.4

b Moisture T~ “ 2
T Crude Fat A ‘=’ H
T+ Redness W+ o Ei
+ Shear Force T

4p pH +

hJNP‘ « Hardness, Chewiness 1  Landrace
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Comparative Analysis of Meat Quality and Muscle Transcriptome Between
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Transcriptomic characteristics in Jeju Breeds .

1. Comparative Analysis of Meat Quality and Muscle Transcriptome Between
Landrace and Jeju native pig

Differentially Expressed Genes Analysis GO, KEGG analysis
“—-4 GO Term Analysis
. cell cycle regulation
o collagen complex
extracellular matrix organization

A
JNP Landrace
KEGG Pathway Analysis
Muscle fiber-related Growth-related DEG motor proteins
DE the cell cycle
= IGF1 IGFBP5 . :
MYH2 MYHs SFRP2 EGFLG
MYH7B  MYOSB MATN3 HAPLN1
FBLN7 LINGO1

Kim NY., Lee S., Cho IC. and Park JE.
Food Science of Animal Resources (IF:4.2) , Mar 2025, accepted
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Transcriptomic characteristics in Jeju Breeds .

2. Comparative Analysis of Blood Characteristics and Transcriptomes between Jeju
Native Pigs and Landrace Pigs

T RBC ¥ .—.G =l T T

T Hemoglobin "
1 Hematocrit & ° I'?
1+ Moy ¥ r
INP Landrace f =

l
F

Kim NY., Lee S., Cho IC. and Park JE.
Manuscript prep.
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Project lI: Evaluation of Low Methane Feeding in Cattle ('23~) ‘T@
4 -~

* Quality evaluation
- Productivity & quality evaluation in dairy and beef cattle
- Methane emission monitoring

- G x E (feeding)

w5 v &
. ¥

5 Q— © 95
o, _M.To_/‘ =0 1 HFed
SN} @ AZH =g

\ \_/‘_f MEIVLT

MEHs

Y #%: New Zealand Agricultural Green House GAS Research Centre
HOJE o1

sguC gy

21 2 ESG, Low-carbon qualification for dairy and beef product

Project lI: Evaluation of Low Methane Feeding in Cattle ('23~) ‘T@
4 -~
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=8 38 57t 3,0205 41118

- MOE AR HEE S8 247kA NUY (T

e | DFEIE R XOEME 247t SHE(D) 247t HEI(=)
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Project lI: Evaluation of Low Methane Feeding in Cattle ('23~) ‘T@
p -~

= NSE(1++ A.B. C) EHE H(XMOE 206 vs H3 AU HF)

- HMojet 59 2020~2024 2020~2024 2024% = 2024
g4 A Mg HEgd B HMEER
1++A 11.4% 7.2% 8.5% 8.5% 8.8%
1++B 19.8% 11.9% 19.4% 12.8% 24.2%
1++C 4.9% 52% 5.8% 5.3% 8.5%
FEE | EBYFUS1000) | I (%)
us MG NE YA

IR

= HOE AIREH W2 UEEES ZIHAHMR)

a= HOE AL YLAE RoILE :
e 224 F012H(a/1009) HI (%)
g (9
+2 (%) 60.00+ 4.30  6.85 5.81 NS e T bor Sem e
EX Y (0/1009)  17.24 £4.25 17.54+829 NS (o Acia a 0 001+ 000 NS | 00700 0953001 NS
NS NS
EE (g/1009)  18.63:1.53 1973 2.17 s NS
8 (%) 086+0.13  0.89£0.14 ;
NS

/
ZAFELIC.
The principles are always the same,
but the challenge is in the details.
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