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Gene regulatory network (GRN) inference

From experimental dataset To biological network Benchmarks:
(
o - -j e \ e (Marbach et al. 2012): Wisdom of crowds for robust gene
nindividuals¢ X =| . . =z . . . \ network inference
A ©o - - -/ Inflerence . e (Chen and Mar 2018): Evaluating methods of inferring gene

-~

p variables (gene expression) / M regulatory networks highlights their lack of performance
< for single cell gene expression data

e (Saint-Antoine and Singh 2023): Benchmarking Gene
Regulatory Network Inference Methods on Simulated and
Experimental Data

e Many statistical methods exist to infer networks from gene expression

e Benchmarks of these tools exist but:
= Datasets: simulated or from incomplete databases

s Usually simple edge evaluations (ROC/PR curves)

e More in-depth evaluation (global structure, modules, ...) .
: rancat:  INRAZ
e Work with a complete and manually curated network s
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Reconstruction of the GRN of B. subtilis

R \w\}\,‘ e Experimental dataset
S \‘f W 4y ‘\,\ .
v TN D 2
t%r e' "/\ v ﬁﬁ, e 0 e Expression profiles of ~3900 genes for 269 experiments from (Nicolas et al. 2012)
‘ & AV ’\L “\\ \ 'l"}K?E . .
AR AT Biological network

e Full gene regulatory and metabolic network from (Faria et al. 2016):
source: Wikipedia
= Genetic regulations (full GRN)
= Metabolic pathways

= Metabolic effectors acting on genes
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Specificities in bacteria

Transcription regulations

Active form of

RNA polymerase
RNA Pol
‘ Sigma factor
RNA Pol
. /3 Inactive form of
Transcription ARNm RNA polymerase
modulation o

---------

DNA

P: Promoter

(from Goelzer (2010))

e Genes are regulated by sigma factors as well as by transcription factors (TF)

Operons

RNA Pol
RNA Pol

DNA S - Gene 1 Gene 2

P: Promoter Operon

e Genes are transcribed simultaneously in transcription unit (operon)
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Specificities in bacteria

Growth phases Regulations
Phase de Phase de Gene only regulation (sporulation):
croissance croissance Phase stationnaire
A exponentielle transitoire
J! — > 4 —> < > Effector based regulation (Exponential phase):
= ~

Nombre de bactéries A metabolic pathway

Metabolitel Gene2 (TF)

. N
Nutriment \

N\
\
N compétence
compétence sporulation/cannibalisme e 83% of the regulators have an effector
biofilm mobilité \ mobilité
N mort X e BUT effector are hidden in GRN
temps
Need to integrate effectors = known (Faria et al. 2016)
(from Goelzer (2010))

rrancast  INRAZ
Liberté

Egalité

Fraternité


file:///home/vnrocher/Documents/INRAE/PRESENTATIONS/Presentation_NETBIO_Vincent_15112023/public/index.html?print-pdf=#/references
file:///home/vnrocher/Documents/INRAE/PRESENTATIONS/Presentation_NETBIO_Vincent_15112023/public/index.html?print-pdf=#/references
file:///home/vnrocher/Documents/INRAE/PRESENTATIONS/Presentation_NETBIO_Vincent_15112023/public/index.html?print-pdf=#/references
file:///home/vnrocher/Documents/INRAE/PRESENTATIONS/Presentation_NETBIO_Vincent_15112023/public/index.html?print-pdf=#/references

Scientific questions

e Benchmarking:

= How do GRN inference behave compared to a fully reconstructed biological network?

= Real scale genome-wide regulation analysis

= Improve evaluation to understand which biological sighal the methods capture

=2 Integrate metabolic knowledge

e Traditional GRN inference methods

e Network evaluation methods through published benchmarks



Statistical methods for GRN inference

e Relevance networks: Simplest methods using correlation (Correlation / Mutual information) metrics

Gaussian Graphical Model (GGM): Remove indirect relationship by using partial correlation
Random forest (RF) methods: Generalize regression problems
Bayesian network methods: Introduce causality to GRN inference

Deep learning
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Relevance network: the simplest way

Pairwise comparisons Feature selection / thresholding Network

A

om0 </ X

—9

e Correlation (Butte and Kohane 1999): WGCNA (Langfelder and Horvath 2008)

e Mutual Information: ARACNE (Butte and Kohane 2000), minet (Meyer, Lafitte, and Bontempi
2008), CLR (Faith et al. 2007), PIDC (Chan, Stumpf, and Babtie 2017)
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Gaussian Graphical Model (GGM)

Indirect relationship between Genel and Gene3: e For (Xj)jzl ..p ~ N(0,%) (gene expressions):

= = using partial correlations: edge between jand j'
& Cor(X7, X7 |(X*)1z55) # 0

[Genel]
.. e Graphical Gaussian Models (GGM):
/ Cor (X7, X7 | (Xk)k#j,j/) # 0 < B;7 # 0inthe regression
[Genez] strong indireé:t correlation models A7 = Zj’#j 5jj’ AT T
':' = need to incorporate regularization or selection (Lasso) in
\ these models (J. Friedman, Hastie, and Tibshirani 2008;
A Meinshausen and Buhlmann 2006)

[GeneB] = Implemented in huge (Jiang et al. 2021), glasso (Jerome

Friedman, Hastie, and Tibshirani 2019), the
Inferelator (Skok Gibbs et al. 2022)

But computationally expensive (when pis large):

e = Partial correlations between triplets of genes: (Reverter and Chan 2008) (PCIT): Cor(X”, X7 ]Xk)k#j i Es
7 e INRAG
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Random forest

e Graphical Gaussian Models (GGM): Gaussian assumption + fit of p linear regressions:
u J.::I_,...,Zj7 X]:z.]/#j/B]j,XJ —|_€]

= Problems: Only linear dependencies, restricted to Gaussian case

e Justfit pregressions:
» X7 = Fj ({X7}j45) + ¢

= Where F; : random forest, gradient boosting

e Implementations: GENIE3 (Huynh-Thu et al. 2010), GRNBoost2 (Moerman et al. 2019)

BUT Direct interpretation of parameters is lost
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How to select important predictors in Random Forest ?

Input gene

(Huynh-Thu et al. 2010): GENIE3 procedure. Ex
rrancane  INRAZ
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Using deep learning for GRN inference

Analogy with linear structural equation model
(SEM): X = AT X + Z:

0 1 1
A=10 0 1
0 0 O

e Aisaweight matrix in an Variational Auto-Encoder

Here: GRN is a DAG:

... A: its adjacency matrix:

= Encoder: L(Z) =

distribution of Z2)

= Decoder: L(X) =

(I-AT)X

(T—AT)

(L(Z) := parameters of the

Unsupervised deep learning GRN using a variational autoencoder (Yu g;hg{\w

2019; Shu et al. 2021)

Input
Expression matrix

4
encoding layer

parameters of the latent
representation distribution L(Z)

v
‘ latent distribution (simulated using L(Z)) |

v
decoding layer

v
parameter of gene
expression distribution L(X)

v

Output
Expression matrix

\ISE
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Evaluation of GRN inference methods

e (Marbach et al. 2012): Wisdom of crowds for robust gene network inference

e (Chen and Mar 2018): Evaluating methods of inferring gene regulatory networks highlights
their lack of performance for single cell gene expression data

e (Saint-Antoine and Singh 2023): Benchmarking Gene Regulatory Network Inference Methods
on Simulated and Experimental Data
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Input dataset & Ground Truth network

e |[nput Dataset:

= Gene Expression datasets: Microarray (Marbach et al. 2012) or Single-cell (Chen and Mar 2018; Saint-Antoine and
Singh 2023)

= Simulated expression dataset : GeneNetWeaver (Chen and Mar 2018; Marbach et al. 2012) and in house (Saint-
Antoine and Singh 2023)

e Ground Truth network:
= From databases (RegulonDB, STRING) + experiments (ChIP-seq)

= Simulated networks (GeneNetWeaver + in house)

But;:

e Small set of genes: ~100/1000 genes for ~100/10k samples
o Very few edges: between 100 to 600 edges (except (Marbach et al. 2012) with ~4k edges)
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Evaluation
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e Edge evaluation using machine learning
approaches (ROC/PR)

e Network motifs analysis (using edge

ranking)

o PCA representation of inference methods

AUROC

—

Precision

o True Positive Rate =

False Positive Rate

1 0

Recall

(Saint-Antoine and Singh 2023)

0.8 Inference methods
O Regression
C1. Regression O Mutual information (M)
- . ’\\ (O Correlation (corr.)
§ 0.4} ‘\// e O Bayesian networks
©
< 7
% S o 6 / : I'
£ C4.|Other \(g@ /
_g- C2. Bayesian U 4
E 04 /,/ ® > C8. Ml & corr.
/ \
li \
\@® 7
-0.8 - L
-0.8 -0.4 0 0.4 0.8
Second principal component
(Marbach et al. 2012)

T
- ? AA A A A
5 Jl,* I
= BB C C C C
s @
Il ==
20
o
O Other 5
O Meta s @
0 E
4 §
O]
0 0®
@
c ®
O]
2 ®
Rank bias i%
>15% © @
More ®
confident ©) H:
_ ©)
No bias 0 ®
@
Less
. ®
confident | < 15% 5 @
_— OE @
°® F
| %
@
®
®
®
@
®
(Marbach et al. 2012)
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Main conclusions

Best performances:
= Random forest (Microarray); Relevance Network (Single-cell)

» poor performances in single-cell data

method-specific edges are observed

=> ensemble methods improve performances (Marbach et al. 2012)

16

Better performance using proteomics rather than transcriptomics (simulated data) (Saint-

Antoine and Singh 2023)
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Work plan: automation and reproducibility

Experimental data

(Inference methods>

1. Gene regulation network inference

Gene regulation network

Gene regulation network
Ground truth

ZEN

3. How to interpret inference methods?

\ 4
<Bio|ogica| Interpretation>

2. How te evaluate inference mejhods?

Evaluation methods

Reproducible GRN inference and evaluation

(PCIT) (Boruta) (GENIES}) (RFManuaD generate_links_RN)

' arboreto ' GGM_huge

generate_network_classic generate target_density Tree generate target_density cIassm) (generate_target_density_huge)

relevant_coeff PCIT generate_links

generate_report_for_inferred_network

autoreport network

Inference method) (Network creatlon) (Evaluatlon metrics

Snakemake (Molder et al. 2021) pipeline

?EZ‘K%;'\%”EE INRAZ
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Used training datasets

FuII dataset

269 samples / 3900 genes
Effector bas?@on G&\&regulaﬂon
Exponential phase Sporulatlon phase
269 samples / 761 genes 269 samples / 613 genes
Keeping only samples Keeping only samples
Exponential phase Sporulation phase
45 samples / 761 genes 32 samples / 613 genes

Using prior to improve inference

{AII genes as predictors}

N

{ Regulators } { Sigma factors }

100% of edges 83% of edges

Highly correlated genes in operons

BSU06530
BSU06520
BSU06510
BSU06500

BSU06490
Pearson
Correlation

. 1.0

0.5

BSU06480

0.0

. -0.5
-1.0

BSU06470

BSU06460

BSU06450

BSU06440

BSU06430

BSU06420

purine nucleotide synthesis operon

Merge genes in operons (work in progress)

e But: some annotated operons contain low correlated genes (Nicolas et al.

2012)

E X
e Solution: Automatically define operons using adjacency- constralngQUBL'QUE

NCAISE

hierarchical clustering (adjclust Ambroise et al. (2019))

18
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How to evaluate and interpret an inferred network ?

1. Evaluate network topology instead of edges:

e Clustering comparisons

e Distances with graph kernels (graphkernels Sugiyama et al. (2018))

2. Use biological annotation:

e Motif / pathway evaluation using edge ranking (adaptation of Marbach et al. (2012))

e Precision/Recall by regulation types

e Functional enrichment analysis of modules in networks
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First result:

evaluation of edges (AUROC) on the complete dataset

arboreto (0.643) - 0.643

9 GENIE3 (0.635) - 0.635
o
S
)
S
o DeepSEM (0.612)- .612
e
o
Q
= MI (0.597) - 0.597
1 1 I 1
0.00 0.25 0.50 0.75

Area under roc curve

ROC curves and AUROC for 3 methods + variations in comparison with the real network
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. Relevance networks
. Tree based methods
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Conclusions

e Bad results on AUROC:
= On the complete dataset

s dataset contains highly correlated variables (operons)
Perspectives

e How do methods work on expression regulated pathways (e.g., sporulation)?

e More evaluation criteria

e Modify inference methods to integrate metabolomics information (effectors)
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Vision d’ensemble des métriques envisagees

Question: Comment évaluer et interpréter un réseau inféré ?

Evaluation des arétes

We apply the classic evaluation methods with the number of true positives (TP), false positives

(FP), false negatives (FN) and true negatives (TN):

Edge Exists Edge Does NOT Exist

Edge Predicted True Positive (TP) False Positive (FP)

Edge NOT Predicted False Negative (FN)  True Negative (TN)

Comparison between the inferred network and the Ground truth :

e TPR = TPTI;N and FPR = FPT;N for ROC curves.

e Precision = TPJE;P and Recall = T' PR for PR curves.

Area Under Curves (AUC) Allows to visualize how the method behaves when you vary its
threshold.

-

AUROC

Precision

o True Positive Rate =

False Positive Rate 1.0

(Saint-Antoine and Singh 2023)

Recall
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