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Introduction — from genotype to phenotype
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Introduction — post-transcriptional regulation
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Adapted from Angelin-Bonnet et al., Humana Press (2019)
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Introduction — GRN reconstruction

Causal

Gene expression data gene regulatory network
(GRN)
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Introduction — causal inference methods
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Introduction

Introduction — the research question

Can causal inference methods detect post-transcriptional
regulation from transcriptomics data?
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Introduction — the research question

Can causal inference methods detect post-transcriptional
regulation from transcriptomics data?
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Evaluation of causal inference methods on simulated datasets
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Simulations
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Step 1: simulations

Samples

RNA levels

Generate GRNs Simulate RNA levels



Simulations

Simulation configurations

Confieuration Number of Type of Number of
BT TC" regulators post-TC™ regulation  post-TC" regulators
Configuration 1 10 - 0
Configuration 2 7 Translation 3
Configuration 3 7 RNA decay 3
Configuration 4 7 Protein decay 3
Configuration 5 7 Protein PTM' 3
Configuration 6 5 Translation S
Configuration 7 5 RNA decay 5
Configuration 8 5 Protein decay S
Configuration 9 5 Protein PTM" >
Configuration 10 3 Translation 7
Configuration 11 3 RNA decay 7
Configuration 12 3 Protein decay 7
Configuration 13 3 Protein PTM 7

TTC = transcription
" PTM = post-transcriptional modification
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Step 2: causal inference

Samples
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RNA levels

Apply causal
Generate GRNs Simulate RNA levels inference methods
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The causal inference methods
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Constraint-based methods A

Conditional independence tests

\_ e.g.: PC, FCI ALB|C? J
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The causal inference methods

4 © N
Constraint-based methods A

Conditional independence tests

\_ e.g.: PC, FCI ALB|C? J

4 Score-based methods & @ )
Candidate networks scoring O—® > O—®
\_ e.8.: GES (D) (D) p
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Use both approaches ® ® © O (©
e.g.: MMHC, SC 2) > v
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Causal inference methods
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The causal inference methods

4 © N
Constraint-based methods A

Conditional independence tests

\_ e.g.: PC, FCI ALB|C? J

4 Score-based methods & @ )
Candidate networks scoring O—® > O—®
\_ e.8.: GES (D) (D) p

4 ®®O
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Hybrid methods




Causal inference methods

Types of causal graphs constructed

Directed Acyclic Graph
(DAG)

Causal relationship from A to B



Causal inference methods

Types of causal graphs constructed

Directed Acyclic Graph Completed Partially

(DAG) Directed Acyclic Graph
(CPDAG)
Causal relationship from A to B Causal relationship from A to B

Causal relationship between
A and B, directionality
undetermined




Causal inference methods

Types of causal graphs constructed

Directed Acyclic Graph Completed Partially

(DAG) Directed Acyclic Graph
(CPDAG)
Causal relationship from Ato B Causal relationship from A to B

Causal relationship between
A and B, directionality
undetermined

Partial Ancestral Graph
(PAG)

(A)—=c8)

No ancestral relationship
fromBto A

(A)—C8)

Ancestral relationship
fromBto A

(A)—B)

Directionality undetermined
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Step 3: performance assessment

Samples
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RNA levels

Apply causal
Generate GRNs Simulate RNA levels inference methods
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Performance assessment
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Evaluation of causal graphs

Undirected networks

O
VS
O
Reconstructed network True network

True False

Positive Positive
ROC / PR curves

True False

Negative Negative
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Evaluation of causal graphs

Undirected networks

O

O

Reconstructed network

VS

True network

True False
Positive Positive
True False
Negative Negative

ROC / PR curves

Partially directed networks

O—0O
O—C0O s
04—0 True network

Reconstructed network

e Scores

Causal queries (Heinze-Deml et al., 2018)
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Causal queries

For a given causal graph, and pair of nodes A and B:

Is A a causal parent of B?



Performance assessment
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Causal queries

For a given causal graph, and pair of nodes A and B:

Is A a causal parent of B?

For a DAG: For a CPDAG: For a PAG:

Yesif (A) (B) Yesif (A) (B) Cannot answer



Performance assessment
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Causal queries

For a given causal graph, and pair of nodes A and B:

Is A a potential causal parent of B?

For a DAG: For a CPDAG:

Yesif (A) (B) Yesif (A) (B)

or (A——B)
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Causal queries

CPDAG/

Query DAG undirected graph PAG
A parent of B A— B A—B %]
A potential A—B A—xB
A— B
parent of B
A—B Ao= B

A not parent of B

A ancestor of B

A potential
ancestor of B

A not ancestor
of B

Complement of potential parent query

path from A path from A path from A
to B with edges to B with edges to B with edges
A—B A—B A—xB
path from A path from A path from A
to B with edges to B with edges to B with edges
ASB A — B and A —x B and

A—B Ao=xB

Complement of potential ancestor query




Performance assessment

Scoring causal graphs based on causal queries

Q\%\ Of Genes
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Performance assessment: (some) results

Skeleton inference

Trans-
cription Translation RNA decay Protein decay Post-translational
regulation regulation regulation regulation modification
only
1.004
0.751
o
o
2
T 0.50
c
(17
Lk}
=
0.251
0.00
10/0 713 515 37 713 515 37 713 5/5 37 713 515 37

Number of transcription regulators / number of post-transcriptional regulators



Results

® OO

Performance assessment: (some) results

Causal inference methods are ok to detect the presence of causal relationships...
as long a post-transcriptional regulation is not present

Skeleton inference

Trans—

cription Translation RNA decay Protein decay Post-translational
regulation regulation regulation regulation modification
only
1.00+
0.75 T
= 1
8 +4
T 0.501 . .
5 L e l_r\“«.hx._ . ] |
g -|-'“"?-.:7_._:'. \ -r\
. RNiia Y
| e | | e || .
0.004 T J~

10/0 713 55 37 73 85 37 713 55 317 713 55 37
Number of transcription regulators / number of post-transcriptional regulators

Method ® PC @ FCI ® FCl+ & GES FGES MMHC B ARGES ARACNe GENIE3

Methods class ® Constraint-based B Hybrid -+ Network inference A Score-based
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Performance assessment: (some) results

Potential parent query - is A a potential parent of B?

Trans-
cription Translation RNA decay Protein decay Post-translational
regulation regulation regulation regulation modification
only
1.001
0.75+ % % >
o 0.501 E%g
S o =
§ 0.25+1 =9
+~ 0.00+
L 1.001
5 g >
% 0.7571 f;'; g -
W
0.50- 58
0.25 g gfﬂr
DDD- T T T T T T T T T T T T T _
10/0 /3 5/5 37 713 5/5 37 713 5/5 37 713 5/5 317

Number of transcription regulators / number of post-transcriptional regulators
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Performance assessment: (some) results

Potential parent query - is A a potential parent of B?

Trans-
cription Translation RNA decay Protein decay Post-translational
regulation regulation regulation regulation modification
only
1.001
0.751 38
i [ L 1 ag>
o 0501 § — ——— 52
0 =
S 0.25 1 I | F 1 r r T |78
® 0,001 1 —— 1 [T 1
- 1.00
& : 3 >
% 0.751 g g E.
0.50- | \4l; f ‘ 553
4 B — 85 a
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Number of transcription regulators / number of post-transcriptional regulators

Method @ PC @ FClI @ FCl+ & GES FGES MMHC B ARGES ARACNe GENIE3

Methods class @ Constraint-based B Hybrid 4+ MNetwork inference A Score-based
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Performance assessment: (some) results

True GRN Reconstructed causal graph based on
- = RMA measurements Protein measuremenis
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Next steps

Other questions to answer:

* How resilient are the methods to violation of their assumptions? (e.g.
feedback loops, cycles)

 Are some motifs easier to detect?

* How do these methods scale up (i.e. for larger networks)?



Conclusion

Conclusion

e Causal inference methods to go beyond gene association networks

* Need to account for post-transcriptional regulation... using
complementary datasets?

* Causal queries very useful to compare (partially) directed networks...

e ... and to make sense of directed biological networks



Thank you for your
attention!

Any questions?
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