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Sophie Donnet1 et François Massol2

1 MIA Paris-Saclay,

2 Center for Infection and Immunity of Lille, CNRS



1. A propos de la collaboration

2. De l’intérêt des réseaux en écologie
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Apprentissage et modélisation statistique - Ecologie

Sophie Donnet François Massol

• Chercheuse en modélisation et

apprentissage statistique

• Spécialisée en modèles

probabilistes pour les réseaux

d’interactions

• Chercheur en écologie

• Axes de recherche : écologie

spatiale, écologie des

communautés et écologie

évolutive

Intérêt commun

Réseaux d’interactions
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Projets communs

• MIRES: Méthodes Interdisciplinaires pour les Réseaux d’Échanges de

Semences

• Effet des échanges de graines sur la biodiversité cultivée

• GDR RESODIV :

• Etude des réseaux de circulation d’objets biologiques (plantes et

animaux), et des savoirs et savoir-faire qui leurs sont associés, dans

les agricultures des pays des Nords et des Suds.

• ANR Econet

• Advanced statistical modelling of ecological networks

• ANR NGB

• Biosurveillance Next-Gen des changements dans la structure et le

fonctionnement des écosystèmes
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Projets communs

• Coencadrement de la thèse de Tam Le Minh (avec S. Robin) sur la

comparaison de réseaux écologiques

• Dispense de formations à destination d’étudiants et chercheurs sur

l’analyse de réseaux

• Copublication
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Objectif

• Highlight heterogeneity in the data (here nodes)

• Identify groups of nodes

• Grouping nodes showing the same connection behavior

• Each group represents a significantly different understanding from

the other groups
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Matrix Representation

• Bipartite networks can be represented by an incidence matrix or

bi-adjacency matrix

• For i ∈ , j ∈ ,

Yij =

{
1 if there is an interaction between i and j

0 otherwise.

• Rectangular matrix

• In most cases : Yij ∈ {0, 1}. However, sometimes Yij ∈ R, weighted

bipartite graph

• Directed bipartite graph : not classical. Proposition Yij ∈ {−1, 0, 1}
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Matrix Representation
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Matrix Representation

Ecological network of interest : i and j have been observed at least

one time in interactions.
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Unsupervised clustering of nodes by probabilistic models

Matrix representation

Descriptive statistics

Probabilistic models for bipartite networks

Variational inference

Application

14



Metrics

Aim : give a short description of the network, give a hint about its

structure, look for heterogeneity in the connections

• Many metrics supplied for simple networks

• Have been extended to bipartite networks
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Libraries

R-packages

Name Usage

Networksis Tool to simulate bipartite networks

enaR Provides algorithms for the analysis of ecological networks

Netpredictor Prediction of missing links in any given bipartite network

biGRAPH Extension of the igraph library for bipartite graphs

bipartite Visualising Bipartite Networks and

Calculating Some (Ecological) Indices

16

https://cran.r-project.org/web/packages/networksis/index.html 
https://cran.r-project.org/web/packages/enaR/
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https://cran.r-project.org/src/contrib/Archive/biGraph/
https://rdrr.io/cran/bipartite/


Degree

deg(u) =
∑

v∈ (u ↔ v), deg(v) =
∑

u∈ (u ↔ v)

degi =
∑n

j=1 Yij degj =
∑n

i=1 Yij

• Nodes with high degree are hubs

• Nodes with null degree are isolated

• If edges are oriented : in- and out- degrees can be computed.
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Nestedness

Property on the network

Definition

• Important property in ecology

• Defined as a pattern of interactions in which specialists (e.g.

pollinators that visit few plant species) interact with plants that are

visited by generalists.

• Mathematically, looking for a reordering of rows and columns such

that Y is nested
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Nestedness

[PKP+18]
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Modularity

Property on the network

Definition

Existence of clusters (blocks, module, communities) where nodes are

much more connected than with other clusters

[PKP+18] 20
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A first probabilistic model

• Context: our incidence matrix Y is the realization of a stochastic

process.

• Aim: Propose a stochastic process is able to mimic heterogeneity in

the connections.

Naive model

∀(i , j) ∈ × , Yij ∼ Bern(p)

• Homogeneity of the connections

• No hubs, no community, no nestedness
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Latent Block Model

• Aim : introduce heterogeneity in the connections

• Tool : introduce blocks of nodes gathering entities that interact

roughly similarly in the network
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Latent Block Model with equations : latent variables i

• Each group of nodes ( and ) is divided into blocks / clusters

• K number of blocks in and L number of blocks in

• For any i ∈ {1, . . . , n }, let Zi be such that

Zi = k if i belongs to cluster k

• For any j ∈ {1, . . . , n }, let Wj be such that

Wj = ` if entity j of group belongs to cluster `
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Latent Block Model with equations : latent variables ii

Random latent variables

(Zi )i=1...n and (Wj )j=1...n independent random variables, such

that,

P(Zi = k) = πk ,

P(Wj = `) = π`

with
K∑
k=1

πk = 1 and

L∑
`=1

π` = 1
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Latent Block Model with equations : connection probability

Conditionally to the latent variables...

C = (Z ,W ) = {Zi , i = 1 . . . n ,Wj , j = 1 . . . n } :

P(Yij = 1|Zi = k ,Wj = `) = αk` .

Other emission distributions

• Previous model adapted to 0-1 network

• If Yij is a count

Yij |Zi = k ,Wj = ` ∼ P(αk` )

• If Yij ∈ R
Yij |Zi = k ,Wj = ` ∼ N (αk`, σk`)

[GN08]
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A very flexible model i

LBM able to generate communities...

α =


0.60 0.09 0.09

0.09 0.60 0.09

0.09 0.09 0.60

0.60 0.60 0.09

 α =


0.60 0.09 0.60

0.09 0.60 0.09

0.09 0.09 0.09

0.09 0.60 0.60


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A very flexible model ii

... or nested networks

α =
0.80 0.70 0.90 0.60 0.90

0.80 0.70 0.90 0.60 0.09

0.80 0.70 0.40 0.09 0.09

0.80 0.09 0.09 0.09 0.09


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Inference for LBM

Aim : From an incidence matrix, discovering the clusters

⇒
Reordering of

rows and cols

Remarks

• Looking for the blocks such that, under the assumption that my

data come from the LBM model, the observed data Y is most

probable (= most likely to occur)

• No specific prior structure

• Entities gathered because they have similar behavior in the network

29



A propos de la collaboration

De l’intérêt des réseaux en écologie
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Maximum likelihood inference

θ̂ = argmax
θ

p(Y ; θ) = argmax
θ

∑
C

pθ(Y ,C )

= argmax
θ

∑
Z ,W

pθ(Y ,Z ,W )

• Complete likelihood: pθ(Y ,Z ,W ) easy to compute

• Likelihood p(Y ; θ): integration over all the possible row and column

clusterings (Z ,W ) (sum of K
n
× L

n
terms)

• Latent variables ⇒ Expectation-Maximization

• Requires to evaluate p(Z ,W | Y ; θ)

• No independence in this distribution

• Complicated distribution
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Variational Inference

• Use a variational version of the Expectation-Maximization algorithm

[DPR08, BKM17, MRV10]

• Penalized criterion to select the numbers of blocks K and L .

• R-package sbm + blockmodels

Skip details

32

https://cran.r-project.org/web/packages/sbm/index.html
https://cran.r-project.org/web/packages/blockmodels/index.html


Variational inference

Principle [WJ08, BKM17].

• Choose a divergence measure D(q || p)

• Choose a class of distributions Q
• Maximize w.r.t. θ and q ∈ Q the lower bound

J(Y ; θ, q) = log pθ(Y )− D(q(C ) || pθ(C | Y )) ≤ log pθ(Y )

Popular choice for SBMs. [GN08, DPR08, Leg16, MM15]

• D = KL:

J(Y ; θ, q) = log pθ(Y )− KL(q(C ) || pθ(C | Y ))

= Eq (log pθ(Y ,C )) +H (q(C ))

• q factorizable: Q =
{
q(C ) : q(C ) =

∏
i qi (Zi )

∏
j qj(Wi )

}
τik = Pq(Zi = k)

→ mean field approximation
33



Variational EM

Algorithm

At iteration (t), given (θ(t−1), qτ (t−1)),

• Step 1 Maximization w.r.t. τ

τ (t) = arg max
τ∈T

J(Y ; θ(t−1), qτ )

= arg max
τ∈T

Eqτ [log pθ(t−1)(Y ,C )] +H (qτ (C ))

= arg min
τ∈T

KL[qτ , p(·|Y ; θ(t−1))]

• Step 2 Maximization w.r.t. θ

θ(t) = arg max
θ

J(Y ; θ, qτ (t))

= arg max
θ

Eq
τ(t)

[log pθ(Y ,C )]
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Outputs

For a given (K , L )

• Parameter estimates θ̂: α̂ and π̂ , π̂

• The best clustering of nodes

Ĉ = argmax
C

p(C |Y ; θ̂,M) ≈ argmax
C

qτ̂ (C |Y ; θ̂,M)
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Choice of the numbers of blocks

ICL : penalized criterion that relies on the complete likelihood

For any model M defined by (K , L )

ICL(M) = log pθ(Y , Ĉ ;M)− 1

2
penM

with

penM = (K − 1) log n + (L − 1) log n︸ ︷︷ ︸
Clustering

+K L log (n n )︸ ︷︷ ︸
Connection
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