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MIIC: combining constraint- and score-based methods

Gene regulatory networks
from single-cell expression data

Clinical networks
from medical records

Verny et al. PloS Comput Biol 2017
MIIC computes distinct endpoint orientation probabilities: Sella et al. Bioinformatics 2018

NeurIPS 2019, 2021 & 2024, ICML 2025
ptail == p′

tail
ptail ==I p′

head
phead J==I p′

head
(phead + ptail = 1) Cabeli et al. PloS Comput Biol 2020

Sella et al. npj Digit Med 2022 & 2025
Ribeiro-Dantas et al. iScience 2024 Dupuis et al. NAR 2025

⇒ MIIC server https://miic.curie.fr Simon et al. eLife 2025 Fusilier et al. Science Immunol 2026



Correlation versus Information

σx ,y = 1
N

N∑
i

(xi − x̄)(yi − ȳ) I(X ; Y ) =
∑
x ,y

p(x , y) log2

p(x , y)
p(x)p(y)

X , Y need to be continuous X , Y can be categorical, continuous or even high-dimensional
(sequences, images,...)

Identical binary variables: I(X ; Y ) = 1 bit

Correlation Information
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How much is I(master ; dog) in bits ?

but... why should we care about information ??



Or... how much is I(cell image ; cell omics) in bits ?

but... why should we care about information ??
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Likelihood, Cross-Entropy and Cross-Information

Likelihood q(x(1), · · · , x(N)) and Cross-Entropy H(p, q)

Given some Data, N i.i.d. samples ∼ p(x), and a Model distribution, q(x),
The probability that the sequence x(1), x(2), · · · , x(N) was generated by q(x) is:

q(x(1), · · · , x(N)) → e−N H(p,q) = eN
∑

x p(x) log q(x) = e−N
(
H(p)+DKL(p‖q)

)
where DKL (p||q) =

∑
x p(x) log p(x)

q(x) > 0 is the Kullback-Leibler divergence

Proof: 1
N log q(x(1), x(2), · · · , x(N)) = 1

N
∑N

i log q(x(i)) →
∑r

x p(x) log q(x) �

Multivariate (cross-)entropy H(X1, · · · , Xn) ≡ H(p, q) = −
∑
{xi}n

p({xi}n) log q({xi}n)

Multivariate (cross-)information I(X1; · · · ; Xn) are defined from H(X1, · · · , Xn) and vice versa

I(X ; Y ) = H(X) + H(Y )− H(X , Y )
I(X ; Y ; A) = H(X) + H(Y ) + H(A)−H(X , Y )−H(X , A)−H(Y , A) +H(X , Y , A)

I(X1; · · · ; Xn) = −
∑
S⊆V

(−1)|S|H(S)

H(X1, · · · , Xn) = −
∑

S′⊆V

(−1)|S
′|I(S′) [Inclusion− Exclusion Principle]
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Link between constraint-based and score-based methods

Constraints ≡ Cancelling (combinations of) multivariate cross-informations

Z X

W

X

Z Y

WX Y

Z

Y T
L

L L’

V−structure Latent variables L

I(X ; Y ) = 0 I(X ; Y ) = I(X ; W ) = I(W ; Z) = 0
I(X ; Z) > 0 I(X ; Z) > 0
I(Z ; Y ) > 0 I(Z ; Y ) > 0 I(Y ; W ) > 0
I(X ; Z ; Y ) < 0 ∗ I(X ; Z ; Y ) < 0 ∗ I(Z ; Y ; W ) < 0 ∗

I(X ; Z ; W ) = 0 I(X ; Y ; W ) = 0
I(X ; Z ; Y ; W ) > 0

∗ Signature of Causality from MI decomposition: I(X ; Y ) = I(X ; Z ; Y ) + I(X ; Y |Z)



Constraints in Ancestral Graphs

Information mutuelle nulle
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Lagrange & Isambert, ICML 2025
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Constraints in Ancestral Graphs

Contraintes : termes informatifs nuls
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Likelihood of Ancestral Graphs (incl → and ↔)

1 Lagrange & Isambert, ICML 2025



Likelihood of Ancestral Graphs (incl → and ↔)

Cross−entropy  decomposition  of  ancestral  graph:

1 Lagrange & Isambert, ICML 2025



Likelihood of Ancestral Graphs (incl → and ↔)

Cross−entropy  decomposition  of  ancestral  graph:

1 Lagrange & Isambert, ICML 2025



Benchmarks on Linear vs Non-linear Continuous Data
MIIC does not assume linear distribution ⇒ MIIC outperforms other methods on non-linear data
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Learning causal networks from nationwide healthcare data
400,000 breast cancer patients from SEER database Ribeiro-Dantas et al. iScience 2024

=⇒ Reliable causal discovery: 90% of causal edges are correct (+ 8% likely correct too)



Slide for Gregory ! ;)
400,000 breast cancer patients from SEER database Ribeiro-Dantas et al. iScience 2024

A “full graph” (400,000 patients)

=⇒ Independent resampling essentially leads to subgraphs of the “full graph”



’Putative’ versus ’Genuine’ causal edges

’Putative’ causal edge (pt = ph =0.5 I ph >0.5) versus ’Genuine’ causal edge (pt >0.5 I ph >0.5)

ie Putative I ≡ Genuine I or latent common cause J I

Counter-intuitive ’genuine’ causal edge: Surgery I Histology

However histological types are frequently refined, after surgery, based on the surgical specimen:
Infiltrating duct mixed with other types of carcinoma (+77% after surgery), Infiltrating duct and lobular carcinoma (+48%),
Mucinous adenocarcinoma (+19%), Infiltrating duct carcinoma, NOS (+ 7.6%), Lobular carcinoma, NOS (-11%),
Carcinoma, NOS (-91%), Adenocarcinoma, NOS (-95%)
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SEER Database: Survival subnetwork

Expected causal edges: Metastasis at diagnosis I Death specific of breast cancer
ER I Death specific of breast cancer

Year of birth I Death due to other cause
Year of birth I Vital status
Year of birth I Survival delay in months due to 2010-2016 censoring!
Vital status I Survival delay in months

Unexpected missing edges: Insurance ···· any Survival variable! 70% explained through treatment variables
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Learning Gene Regulatory Network from scRNAseq data
Gene networks in bone marrow hematopoietic stem cell-supporting stromal niche population
P Charbord, Sorbonne Université (scRNAseq data from Tikhonova et al. Nature 2019) Desterke et al. iScience 2020

Gene regulatory networks of Leptin receptor-positive cell population at baseline (C, 1,712 cells) and under stress (D, 3,467 cells)



Extension to VERY LARGE Gene Regulatory Networks
scRNAseq data: Hélène Moreau, Institut Curie

10 TFs  +  205 non−TFs

17 TFs  +  703 non−TFs

Zbtb20

Aebp1

Zbtb20

Aebp1

Latent variable

⇒ TF-MIIC can scale to hundreds TFs and thousands non-TFs Franck Simon
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Dissecting complex biological responses in scRNAseq data
Macrophages prevent Tcell infiltration in tumors by controling ECM remodeling by cancer cells

Tcf4 I Col3a1 has been confirmed in vitro and in vivo Fusilier et al. Science Immunology 2026



Learning Gene Network Response to Cellular Therapy

Analysis of scRNAseq data from Fillatreau Lab, Institut Necker Enfants Malades

Cellular therapy against Multiple Sclerosis
(injection of IL-10 producing Bregs):

Analysis of scRNAseq data: Louise Dupuis



Learning Gene Network Response to Cellular Therapy

Manfroi et al. Induced regulatory B cells stably expressing IL-10 cure Analysis of scRNAseq data
CNS autoimmunity by targeting microglia. under revision (2024) Louise Dupuis



Integrating scRNAseq and Cell-Cell Communication data
iBregs Neutrophils

Bui-Thi et al. Plasmocytes inhibit CNS autoimmunity through SLPI production, under review (2024)

Dupuis et al. CausalCCC: a web server to explore intracellular causal pathways enabling cell-cell communication, NAR 2025

⇒ https://miic.curie.fr/causalCCC.php

https://miic.curie.fr/causalCCC.php


Extension to CCC Pathways across Multiple Cell Types
CausalCCC network between fibroblasts, dendritic cells, and T cells in atopic dermatitis

(A) Data: He et al. JACI 2020 (B) CellChat L-R pairs, Jin et al. Nat Commun 2021 (C) CausalCCC: Dupuis et al. NAR 2025



Extension to CCC Pathways across Multiple Cell Types

Louise Dupuis in CausalCCC: NAR 2025



CausalCCC Pathways from Spatial Transcriptomics Data

Myocardial Infarction (ST data: Kuppe et al. Nature 2022)

⇒ Cell-Cell Communication between:
ischemic myocardial cells (including cardiomyocytes, vascular smooth muscle cells, endothelial cells, pericytes)
and connective tissue (including fibroblasts and myeloid cells)

Orianne Debeaupuis
CausalCCC: NAR 2025



CausalCCC Pathways from Spatial Transcriptomics Data
Ischemic myocardial cells ⇒ cells from connective tissue

Orianne Debeaupuis CausalCCC: NAR 2025



CausalCCC Pathways from Spatial Transcriptomics Data

Orianne Debeaupuis CausalCCC: NAR 2025



Extension to Time Series Data Xt ′<t → Yt

Granger Causality (Granger Econometrica 1969)

→ Best regression of Yt with or without lagged values of Xt′<t ?
Yt = a0 + a1Yt−1 + a2Yt−2 + · · ·+ amYt−m + bpXt−p + · · ·+ bqXt−q + εt

Transfer Entropy (Schreiber PRL 2000)

→ TX→Y = I(Yt ; Xt′<t |Yt′<t) versus TY→X = I(Xt ; Yt′<t |Xt′<t)

Then, if TX→Y > 0 & TY→X ' 0 =⇒ Xt′<t → Yt

Although always the possibility of a latent variable: Xt′ L99Lt′′ 99KYt , with t′′ < t′ < t
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Temporal Causality! Graph-based Causality ??

Idea: Information-based reasoning on time-unfolded graphs Gt

Yt

X t Yt’<t X t’<tI(     ;       |        ) = 0

X X tt’<t

Y Ytt’<t

Yt

X t

X t Yt’<t X t’<tI(     ;       |        ) = 0

Yt’

Y Y

X X

t

tt’<t

t’<t

X t

Yt’

A B

Theorem 1 [ Temporal Causality =⇒ Time-unfolded Graph-based Causality ]
If Yt Xt & TY→X = I(Xt ; Yt′<t |Xt′<t ,V \X ,Y

t′6t ) = 0
Then ∀Yt′ Yt , Yt′ → Yt ← Xt [ & ∀t ′ < t, Yt′ 699K Xt ]

But the converse is not true ! F Simon et al., eLife 2025

Hence, Granger-Schreiber temporal causality is too restrictive and may miss actual
causal relations uncovered by graph-based causal discovery methods for time series
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tMIIC: Causal discovery from time series data

F Simon et al., eLife 2025



CausalXtract: Causal discovery from live cell images
Analysing ex-vivo tumor-immune response ecosystems

Tumor−on−chip  preparationa

b CausalXtract’s  live−cell  image  feature  extraction  module  (CellHunter+)

Fibroblast (CAF) cells

Her2+ cancer cells Her2+ cancer cells

Immune primary cells

µ500   m

Endothelial primary cells

Collaboration with Maria Carla Parrini IC & Martinelli lab, Uni Rome Simon et al eLife 2025



CausalXtract: Causal discovery from live cell images

From the experiments, we get a dataset with 21 variables about:
Experimental conditions (CAF presence and Treatment)
Cell Shape
Cell Motility
Cell division
Cell apoptosis
Cell Interactions with immune cells
Cell Motility of immune interacting cells

The dataset contains 36 trajectories including upto 1440 time-lapse images (δτ = 2min),
corresponding to a total of 46,935 images. → avg relaxation time 25δτ : 12 layers of 5δτ



CausalXtract: Causal discovery from live cell images

Simon et al. eLife 2025



CausalXtract: Causal discovery from live cell images
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CausalXtract: Opposite effects at different time lags

division
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Simon et al. eLife 2025
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The Team (Lab retreat, Luminy, Marseille, Sept 2023)

Franck, Gaël, Hervé, Nikita, Louis, Louise, Tiziana, Orianne, Liza

Coll: Fillatreau (INEM), Charbord (SU), Bravi (ICL), Parrini (U830), Perie, Hersen (UMR168), Hamy, Moreau, Lennon, Salmon (U932)

Breakthrough T1D



Application to Human Hematopoietic Stem Cells

Cimato et al., 2015

collab. with Perié lab, Institut Curie



Application to Human Hematopoietic Stem Cells

Data collection

Acquisition with Incucyte

T2.1

T1

T2.2

T3.1 T3.2 T3.3 T3.4

Sequencing at 96 hours (SMART-SEQ3)

Frames from t0 to t=90 hours

scRNASeq projectCell segmentation project

collab. with Perié lab, Institut Curie



Application to Human Hematopoietic Stem Cells

Cell counting

Two key properties:

• synchronicity in division

• similarity in fate

among progenies of individual

stem and progenitor cells

Current goal: 
• automatise cell counting 

after the first mitosis 
(= segmentation)

In collaboration with Eugenio Martinelli, Arianna Mencattini University of Rome Tor Vergata)

collab. with Perié lab, Institut Curie



Application to Human Hematopoietic Stem Cells

Issues

• Out of focus frames

• Small cells

• Debris 

• Plastic defects 

Out of focus In focus

Deep Learning could handle better 
these issues

collab. with Perié lab, Institut Curie



Application to Human Hematopoietic Stem Cells
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Application to Human Hematopoietic Stem Cells

scRNASeq data

MetadataRaw matrixes

• Dataset1: 70 cells, 28750 
genes

• Dataset2: 72 cells, 30682 
genes

Sequencing at 96 hours

• Family (or well) – 30 families
• Times of division: T1, T2.i, 

T3.j
• Colony size (at 90 hours)
• Fate/predicted cell type

Cell type: MPP

collab. with Perié lab, Institut Curie



Application to Human Hematopoietic Stem Cells

Cell annotation

collab. with Perié lab, Institut Curie



Application to Human Hematopoietic Stem Cells

Families tend to cluster together

collab. with Perié lab, Institut Curie



Application to Human Hematopoietic Stem Cells

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑢, 𝑣) = 1−
𝑢 ∙  𝑣

𝑢  | 𝑣 |

C
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collab. with Perié lab, Institut Curie
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Application to Human Hematopoietic Stem Cells

TF-MIIC

• Regular MIIC: up to 500 
variables

• TF (regulators)-MIIC: 
a few thousands of 
variables

• Variables: regulators or not 
regulators

Franck Simon

collab. with Perié lab, Institut Curie



Application to Human Hematopoietic Stem Cells

MIIC networks

• Feature selection: 
based on Mutual 
Information 

collab. with Perié lab, Institut Curie



Clinical network from a large Breast Cancer cohort
1,200 patients, NEOREP cohort, Curie Hospitals. Sella et al. npj Digital Medicine, 2022



MIIC finds unexpected biases and new prognotic markers
NEOREP cohort: 1,200 patients, Reyal lab, Curie Hospitals. Sella et al. npj Digital Medicine 2022

Center bias (Paris / St Cloud hospitals):
→ Different clinical profiles

Different clinical practices

Post-NAC Mitotic Index:
→ New prognotic markers

in addition to RCB



SEER Database: Survival subnetwork
Interpretation of causal edge: Vital Status I Radiotherapy in terms of ≈ 6-7 month delays

Chen et al. Front Onco 2020



SEER Database: Socio-economic subnetwork
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How to Learn Graphical Models from Observational Data
a one-slide primer

1. Search & Score (’Bayesian’, scoring function φ)
Find G that maximizes Likelihood φG = LD|G
Super-exponential space of networks, only→

2. Inversion of variance-covariance matrix Σ

Compute L = D − A ∼ Σ−1 (assuming linearity)

Invertibility/Stability issue and only −− edges Moralized graph

3. Constraint-based (Conditional independences)
Broader network class including −− → ↔
Slow and Not robust to sampling noise

MIIC: a robust Network Inference method combining contraints and scores
Affeldt et al. 2015; Verny et al. 2017; Cabeli et al. 2020; Ribeiro-Dantas et al. 2024; Simon et al. 2025; Lagrange et al. 2025



MIIC combines Information theory with Causal discovery

MIIC first substracts iteratively the most significant contributions to each I(X ,Y )
I(X ; Y )− I(X ; Y ; A1)− I(X ; Y ; A2|A1)− · · ·− I(X ; Y ; An|{Ai}n−1) = I(X ; Y |{Ai})

(0) Complete graph (1) Remove edges I(X ; Y |{Ai}) ' 0

I(X , T |Y , Z) ' 0

I(X ; Y |W ) ' 0

I(X ; V |Z) ' 0

I(W ; Z |X) ' 0

I(W ; T |Y , Z) ' 0

(2) Orient V-structures (p head)
I(X ; Y ; Z |W ) < 0

I(W ; Z ; Y |X) < 0

(3) Propagate orientations (p tail)

I(X ; V ; Z) > 0

I(X ; T ; Z |Y ) > 0

I(W ; T ; Y |Z) > 0



Benchmark on Ancestral Graphs (including −− → ↔ edges)

better/comparable results w.r.t RFCI
with 100× fewer samples

and 100× faster

Verny et al. PLoS Comput Biol 2017



Benchmarks on Linear vs Non-linear Continuous Data
MIIC does not assume linear distribution ⇒ MIIC outperforms other methods on non-linear data
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Lagrange & Isambert, ICML 2025
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Two-point Correlation does not imply causation

← →

Three-or-more-point Correlation might imply causation

Common Cause Principle: E1 → M→ E2 ?

Hans Reichenbach 1891-1953

Independent ’Cause’ Principle: C1 → E← C2



Can one Infer Causation from mere Correlation ?

Two-point Correlation does not imply causation

← →

Three-or-more-point Correlation might imply causation

Common Cause Principle: E1 → M→ E2 ?

Hans Reichenbach 1891-1953

But latent variable ?.... C1 ← L→ E← C2


