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Static contact networks

Contact network analysis

Ï Different ’individuals’ may be at stake : humans, animals,
species, . . .

Ï Contact networks may be built from:
Ï sensors-based measurements (humans, animals),
Ï declarations in surveys (e.g: friendship relations between

humans),
Ï field observations of associations between animals (e.g:

physical proximity) or species (e.g: trophic relationships),
Ï trapping data (animals), . . .

Ï With different aims: studying sociability (humans, animals) or
Ecology (animals, species)

Ï Formal definition
Ï N individuals ≡ N nodes (vertices)
Ï presence/absence of contact or frequency of contact ≡ edges

(links)



Dynamic contact networks

18 Chapitre 1. État de l’art

en fonction des contacts qui existent entre les personnes. Il est donc tout naturel de
s’appuyer initialement sur un graphe dont les nœuds représentent des personnes et les
liens représentent les interactions entre personnes. En plus du graphe, il est nécessaire
d’ajouter l’état de chaque nœud, e.g. sain ou infecté. Ainsi, un nœud sain ne peut de-
venir infecté que s’il est relié à un nœud infecté dans le graphe. Ce genre de modèles
met donc en avant un chemin de diffusion, e.g. une suite de personnes transmettant la
maladie de l’un à l’autre.

Les premiers travaux [PSV01] s’appuient sur un graphe d’interactions de personnes
agrégeant toute l’information temporelle. Or, la prise en compte du temps dans ce
contexte est primordiale car il est possible que le chemin d’infections simulé dans le
graphe agrégé ne soit pas réalisable si l’on prend en compte le temps. Imaginons 3
personnes A, B, C telles que A et B interagissent à l’instant 1, et B et C interagissent
à l’instant 2. Dans le graphe agrégé, il est possible pour C d’infecter A via B alors que
dans la réalité cela n’est pas possible. L’ajout du temps a donc une forte influence sur
les résultats obtenus dans le contexte épidémiologique et ce phénomène est d’ailleurs
très étudié [GPBC15, KKP+11, JPKK14, HK14, HL14, SWP+14, PJHS14].

Une fois reconnue l’importance du temps, il est nécessaire de trouver un nouveau
formalisme étendant la théorie des graphes pour en tenir compte. Nous présentons
maintenant différentes extensions possibles de la théorie des graphes, dans les sous-
sections 1.3.1 et 1.3.2. Nous détaillons également comment la recherche de commu-
nautés se transpose dans ces nouveaux formalismes et plus généralement quels sont
les problèmes qu’ils permettent de résoudre. Des états de l’art dans ce domaine ont
d’ailleurs déjà été esquissés [BBC+14, CA14, HKW14].

1.3.1 Extensions avec pertes d’informations temporelles

Séries de graphes
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FIGURE 1.3 – Exemple de série de graphes sur trois intervalles de temps.

La première solution qui a été apportée ne prend le temps en compte que partiel-
lement. Il s’agit de manipuler une série de graphes dont chaque graphe représente le
réseau durant un intervalle de temps donné. Ainsi, il est possible d’appliquer les outils
de la théorie des graphes sur chaque intervalle. Cependant chaque intervalle de temps
est représenté par un graphe agrégé. Il y a donc toujours une perte d’information. Plus
formellement, une série de graphe est définie par G = {Gi}i<T où T est un entier (voir
la figure 1.3).

Made of
1. snapshots of a contact networks at different time steps (hour,

day, week, season...)
2. individuals may be present/absent at each time step

Formal definition:
Ï T time steps ; Nt individuals ≡ Nt nodes at time step t
Ï N individuals in total (N << N1 + ...+Nt : many individuals stay

present across time)
Ï presence/absence or frequency of contacts ≡ edges at each

time step



Studying dynamic contact networks I

Ï Is there a social structure?
Understanding if there is a peculiar non-random mixing of
individuals that would be a sign for a social organisation.

Ï What is its dynamics?

Ï How does it vary with other factors?
e.g: seasonal changes, breeding season, response to stress,
arrival/departure of a peculiar individual,...

Ï How can we predict how infectious diseases can spread?



Studying dynamic contact networks II

Here we focus on

Ï Is there a social structure?

Ï What is its dynamics?

Ï ( How does it vary with other factors? )

Ï ( How can we predict how infectious diseases can spread? )

Our answer:

Ï moving beyond descriptive statistics and proposing a
statistical model for the organisation in these networks.

Ï We rely on a clustering of the nodes to capture a social
structure
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Clustering dynamic networks I
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Issues

Ï Deal with the label switching across time.

Ï See the evolution of individual nodes: who is changing group
between 2 time points?

Our goal: smooth recovery of the clusters across time.



Our contributions

Model: dynamic SBM

Ï We propose a dynamic version of the Stochastic Block Model;

Ï The graphs may be directed or undirected, binary or weighted;

Ï Groups and model parameters may change through time;

Ï Careful discussion on identifiability conditions on the model.

Inference

Ï We propose a variational expectation maximisation (VEM)
algorithm to infer the nodes groups across time and the model
parameters;

Ï We have a model selection criterion (ICL type) to select for the
number of groups.



Static part modeling: SBM - binary case

Time t
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Ï Q groups (=colors •••).

Ï {Z t
i }1≤i≤n i.i.d. in {1, . . . ,Q} not observed.

Ï Observations: presence/absence of an edge at time t, given
through adjacency matrix {Y t

ij}1≤i<j≤n,

Ï Conditional on {Z t
i }’s, the r.v. Y t

ij are independent B(βt
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Static part modeling: SBM - weighted case
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Ï Latent variables: idem

Ï Observations: weights Y t
ij , where Y t

ij = 0 or Y t
ij ∈Rs \ {0},

Ï Conditional on the {Z t
i }’s, the random variables Y t

ij are
independent with density

φ(·;βt
Z t

i Z t
j
,γt

Z t
i Z t

j
) := (1−βt

Z t
i Z t

j
)δ0(·)+βt

Z t
i Z t

j
f (·,γt

Z t
i Z t

j
),

(Assumption: f has continuous cdf at zero).



Dynamics: Markov chain on latent groups

Latent Markov chain

Ï Across individuals: (Zi)1≤i≤N iid,

Ï Across time: Each Zi = (Z t
i )1≤t≤T is a stationary Markov chain

on {1, . . . ,Q} with transition π= (πqq′)1≤q,q′≤Q and initial
stationary distribution α= (α1, . . . ,αQ).

6 C. Matias and V. Miele
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Figure 1. Dependency structures of the model. Top: general view corresponding to hidden Markov
model (HMM) structure; Middle: details on latent structure organisation corresponding to N different
iid Markov chains Zi = (Zt

i )1≤t≤T across individuals; Bottom: details for fixed time point t corre-
sponding to SBM structure.

Goal
Infer the parameter θ = (π,β,γ), recover the clusters {Z t

i }i,t and
follow their evolution through time.
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Clustering performances I

Indexes

Ï Global ARI: Adjusted Rand Index on the whole classification
{Z t

i }1≤i≤N ,1≤t≤T ,

Ï Averaged ARI: mean value of ARIt , computed for each t on the
classification {Z t

i }1≤i≤N . Easier ! Label switching between time
steps !



Clustering performances II

Simulations setup

Ï Binary graphs, N = 100 nodes and T ∈ {5;10}, 100 datasets,

Ï Q = 2 latent groups and π ∈ {πlow,πmed,πhigh}

πlow =
(
0.6 0.4
0.4 0.6

)
;πmed =

(
0.75 0.25
0.25 0.75

)
;πhigh =

(
0.9 0.1
0.1 0.9

)
.

Ï Connectivity parameter β

Easiness β11 β12 β22

low- 0.2 0.1 0.15
low+ 0.25 0.1 0.2

medium- 0.3 0.1 0.2
medium+ 0.4 0.1 0.2

med w/ affiliation 0.3 0.1 0.3



Clustering performances III
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Model selection

Simulation setup

Ï Binary model, Q = 4 groups, πqq = 0.91 and πql = 0.03 for q 6= l,
100 datasets

Ï We draw i.i.d. random variables {εql}1≤q≤l≤4 ∈ [−1,1] and then
choose βqq = 0.4+εqq0.1 and βql = 0.1+εql0.1 for q 6= l.
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Encounters between high school students I

Fournet and Barrat, 2014, http://www.sociopatterns.org/

Ï Face-to-face encounters of high school students (wearable
sensors), T = 4 days, N = 27 students,

Ï Discrete weight with 3 bins. Selection of Q = 4 groups.

Reconstructed dynamics

http://www.sociopatterns.org/


Encounters between high school students II

Estimated connectivity parameters
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Encounters between high school students III

Conclusions on this dataset

Ï groups 2 and 3 are communities, with resp. 3 and 4 individuals
who permanently stay in the groups (social attractors),

Ï group 4 is also a community, with much less interaction,

Ï group 2 and 4 exchange students,

Ï Group 1 stable, low rate of interaction,

A posteriori crossing info with gender

Ï group 3 has male students only,

Ï group 1 has a backbone of female students that remain in the
group

Ï females are less likely to change groups than males, a majority
of females belongs low interaction groups 1 and 4 and they do
not switch between these groups.



Conclusions

DynamicSBM

Ï Reconstruction of group’s evolution through time

Ï Control of the label switching issue between different time
steps

Ï Models binary or weighted datasets

Ï Model selection performed through ICL.

R package dynsbm available on the CRAN.
Paper published in JRSSB, 2017.
Companion paper (for Ecologists) in Royal Society Open Science,
2017.

Thanks for your attention !
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