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Motivation

Assumptlons Marginal correlation Partial correlation

e OMIC variables that are involved in the
same regulatory pathways tend to be
correlated

e Gaussian graphical models infer direct
associations between variables by Conditionnally on V1, V2 and V3
. . . - are independent
estimating partial correlations
[Lauritzen, 1996]
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Motivation

Assu mptions Marginal correlation Partial correlation
e OMIC variables that are involved in the
same regulatory pathways tend to be
correlated
e Gaussian graphical models infer direct
associations between variables by Conditionnally on V1, V2 and V3

' [ i i independent
estimating partial correlations Bre Ineependen

[Lauritzen, 1996]

-> These partial correlations are encoded in the precision matrix, Q

X4 ~ N(:ua Q—l)
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Motivation
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Hypothesis

Let X € R™*P the matrix of observations and Y € {1,2,.., K} the response
variable.

Let K = 2, we assume that X; ~ N (u1,31), Xo ~ N (us2, X2), where X; = (x;j :
Y; =1) and X3 = (x; : Y; = 2) such that:
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Hypothesis

Let X € R™*P the matrix of observations and Y € {1,2,.., K} the response
variable.

Let K = 2, we assume that X; ~ N (u1,31), Xo ~ N (us2, X2), where X; = (x;j :
Y; =1) and X3 = (x; : Y; = 2) such that:
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===: Differential edge

Graphs have a shared structure between ] ]
Joint network inference

classes with differential edges



Research questions

-> Considering joint and independent network estimation approaches, under

what conditions do they perform best at recovering shared and
condition-specific network structure?

Imperial College London 8



Research questions

-> Considering joint and independent network estimation approaches, under

what conditions do they perform best at recovering shared and
condition-specific network structure?

Current limitations
e Various methods to infer gaussian graphical models and many joint penalties
e Existing studies typically restricted to a few scenarios
e Do not clearly distinguish between model performance (how well the network

structure is recovered) and model selection (how penalties are chosen)
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Research questions

- Which hyperparameter calibration strategy yields the most reliable edge

detection?
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Research questions

- Which hyperparameter calibration strategy yields the most reliable edge

detection?

Current limitations
e Do not clearly distinguish between model performance (how well the network
structure is recovered) and model selection (how penalties are chosen)
e Rely on likelihood-based criteria (AIC/BIC), which favor dense graphs and

reduce interpretability
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Joint network inference methods

Method

Graphical lasso
(GL)
[Yang et al, 2007,
Danaher et al, 2014]

Neighborhood
selection (NS)
[Meinshausen &
Blhlmann, 2006]

Partial correlation
based
neighborhood
selection (PC)
[Peng et al, 2009]

Dtrace
[Yuan et al, 2017]

Loss
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Penalties

L1 penalty on edges

L1 penalty on edges + joint fused penalty
L1 penalty on edges + joint group penalty
L1 penalty on edges + node based penalty

L1 penalty on edges

L1 penalty on edges + joint fused penalty
L1 penalty on edges + joint group penalty
Data shared lasso

L1 penalty on edges
L1 penalty on edges + joint fused penalty
L1 penalty on edges + joint group penalty

L1 penalty on differential edges



Penalties

Individual edge penalty

A\ Z Z ‘Q(k)

k=1 i#9

+

Joint fused penalty Joint group penalty

Tl (o)

k<k’ 1,3 1#7
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Network generation

Number of

30, 100, 300, 500
nodes, p

Scale-free Random graph with hubs

— Edge in both (N=88)
--- Only support 1 (N=0)
Only support 2 (N=19)

—— Edge in both (N=64) z
=== Only support 1 (N=27)

Only support 2 (N=11)
Topology : /ﬁ

AR

Differential | > Random (a percentage of edges turned off)
edge = Hub-based



Data generation

-> Generate 2 positive definite matrices for the corresponding graphs

> 2, 2;: computed as the inverse of precision matrices

> We simulate data from a multivariate Normal distribution N(0,Z ),
where k € {1, 2}

-> Sample sizes considered: N = 50, 100 per condition

-> 50 independent replicates of datasets X: and X
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Performance evaluation

Evaluation of differential support edges
Compute over A, :
e Area under the precision-recall curve (AUPR)
e Area under recall vs. false-positive rate (AUC)
e Area under power vs. FDR (AUPF)

Evaluation of overall graph inference
e Apply the same metrics to assess graph recovery over A,

For each method, record the maximum F1l-score in terms of edge recovery across
A, , A, parameters and average it over the 50 simulated datasets
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Median AUPR of differential support edge recovery

Results: random edge perturbations

Differential support recovery
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Graphs support recovery
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Results: hub based perturbations

Differential support recovery

n =100, p = 100, topology = sf
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Model calibration

Median F1 (graphs)

Often relies on likelihood-based criteria (AIC/BIC), which favor dense graphs and

reduce interpretability
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Model calibration

1. Obtain debiased precision matrices
2. Calibrate

1% 1230

2

o

K
— _ O (k) 52 (k) () (k)
o eBIC(Aq, \2) ;nk ( log det (Q ) +tr(2 Q ))-l— log(ng)

+ 4rylog(p)

© Dtrace pseudo eBIC(\;) = B Tr(QdTiﬁﬁl Qaiee 22) — Tr(f)diff(fll — 22))

+1log(ny + n2)||Qaiello + 4v1og()||Qaisllo

o Stability selection (StARS [Liu et al, 2010], Sharp [Bodinier et al, 2023])
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Model calibration

Graphs support recovery

Differential support recovery
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' Sharp separate

B BIC debias

' Sharp support diff

. eBIC dtrace

Bl StARS graph

Bl B(C loss diff

*neighborhood selection with sparse group penalty

ES StARS support diff
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Weights

- Improving edge selection and incorporating prior knowledge

Individual edges Joint fused Joint group
1/2
k:k’ k) J 2
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k=1 i,j k<k’ 1,3
/ 1
Adaptive EJ’“) = (1 ) wl(fk) = T ! 0 Wij = o 1/2
weight k d k
Bij Bij” — By (Zk 1By’ )
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Weights

- Improving edge selection and incorporating prior knowledge
€ \Weights obtained from Stochastic Block Model clustering on the adjacency
matrix [Ambroise et al, 2009]

€ \Weights obtained from Multipartite Block Model to account for multi-omics
[unpublished Chiquet, 2018]
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Next steps

-> Combine joint network estimation and outcome discrimination to:
€ improve interpretability and discrimination

¢ Identify both structural and predictive differences across classes
3(1) A(2
QW Q>

Network Discriminant
inference analysis
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