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Quantification of the stress response in plants
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Workflow for Differential Co-expression Analysis

RNA-seq data
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Workflow
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Data pre-processing
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RNA-seq data Data pre-processing
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Network construction

G=(V,E)
Expr. LFC
A 1
2
3
4 o
* 5 similarity
Q measure
) 6
(@]
7
8
9
10
! - : ( nodes = genes
edges = relationship between nodes
samples




Network construction

Testing Partial Correlations

For Each (i, j) €V xV, Test the Hypothesis
Ho: pijlwj = 0 Versus H1: pjj,\; #0
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Neighborhood-Based Regression

For Each i e <V Infer Nonzero Regression
Coefficients ﬁj(’) #0in
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RNA-seq data

I

|

]
I
I
1

I 1 : CI
Ec € Nnoxm“/ ) 31
oo .1 o ngxXm J 83, > A Ny XNy
< oo E,eR 1 2 & 6{0,1}
BoeNpme/ B2 28 <
8 I
2 o (T
Phenotypic data o ) 1
MpeXP : % : ; () S !
pc = 1251
G / LA P, € R F € {0,1}7%¢ 138
PsERmps p/ I 1 lEgl
I I 20
| [ r----J _____ |
1 Modules association | ~—

I to phenotypic traits 1

e

Tc{ill <i<ny}

Stress-responsive genes

In-silico RS Do




Phenotype 2

Phenotype 3

Lo Phenotype 1

Gene co-expression modules are likely to
overlap due to the multiple regulatory
domains a gene can be part of.

Pleiotropy is the phenomenon of a single
gene controlling or influencing multiple

(and possibly unrelated) phenotypic traits.
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Clustering with overlapping nodes

Hierarchical Link Clustering (HLC) ANGEL
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Neural Overlapping Community Detection (NOCD)

Convolutional layer ReLU
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Module enrichment
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random sample from the network.

H1: The module has more genes annotated with the GO term than
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Module enrichment
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oVerlapping Enrichment
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RNA-seq data
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Module association to phenotypic traits
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Module association to phenotypic traits
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Module association to phenotypic traits

Case study: Oryza sativa (rice) Table 1: Selected genes

under salt stress Phenotypic trait Module TU ID LOC_Os ID DEG H
13101.t01457 LOC.Os01gl6124  * *
g 1 13101.t01458 LOC_Os01gl6130  * *
" 13104.t01366 LOC_Os04g16230  *
no 13104.t01068 LOC_Os04gI2520 ¥ -
k shoot K_shoot 7 13104.t01069 LOC_Os04gl2530  * *
13104.t01066 LOC_Os04g12499  * *
13101.t00913  LOC_Os01g10400
BM root BM shoot 3 13102.t03795 LOC_0s02g41820 x
qp 13103.t00468  LOC_Os03g05870 *
m 13101.t02836 LOC_Os01g33450 o I
——— A 13102.t01261 LOC_Os02g14520  *
, - 13107.t03589 LOC_Os07g39390  *
13112.t00905 LOC_Os12g10280  *
— 13101.t05133 LOC_Os01g58100  *
DE 5 13112.t02444 LOC_Os12g27254  *
— 13112.t03421 LOC_Os12g37260  * *
48 ~199 13104.t03155 LOC_Os04g35010 % L
6 13108.t03971 LOC_Os08g42310  * *
4341 13109.t01501 LOC_Os09g17049  *
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What's next?
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What's next?

(J

cenicana

e Systematic comparison between the results
obtained with the different algorithms
applied in each step of the workflow.

e Comparison of results with standard
techniques (e.g., WGCNA and DiffCoExp)

e Application to OMICAS own data: Rice
under aluminum stress.

e Application in cenicafa data.

e NMTF algorithm as a clustering method to
incorporate a priori information on gene
interactions.
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Thank you very much

Questions?
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