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Context & Case study
€000

Learning the cis-regulatory code

What are the sequence features underlying the
transcriptional activity of cis-regulatory elements (CREs)
during dynamic processes like differentiation?

— Relative impact of compans (1
Ll Iy
® TF binding motifs (TFBMs) = ofl
it SN G e
[ ] - random.
k-mer content ,,L“,.LCAU,Q, o
® Jow complexity DNA? [Horton et al., 2023]
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Context & Case study
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Case study: single cell dataset of neuronal differentiation

iPS cell Neural stem cell Cortical neuron 5" end scRNA-Seq data &

Feeder Gibco PSC neural Peter Heutinks protocol

e o g \—— snATAC-Seq data

Data from Wallace Yip's lab: Kayoko

Yasuzawa, Tsukasa Kouno, Jen-Chien Chang,
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peak E==1000bp T scRNA-Seq
® CRE: ATAC-Seq peak
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e N = 10912 differentially
o — - N Neuron expressed tCREs along
NSC differentiation
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Context & Case study
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Representing CRE expression profiles

Peak in NSCs
CREs in the reduced '/\
expression space pseudotime
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Context & Case study
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Sequence features of tCREs

® CRE: ATAC peak center £+ 500bp
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® ~ 400 sequences features per

1 -. CRE: TFBMs scores of expressed
o N TFs from JASPAR 2024 & k-mer
o HN

frequencies
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Context & Case study
ocooe

Sequence features of tCREs

M C{ECC?C '“ C*r\ ® CRE: ATAC peak center & 500bp
s ¢

® ~ 400 sequences features per
CRE: TFBMs scores of expressed
TFs from JASPAR 2024 & k-mer

.. frequencies

How can we associate CRE sequence features to coordinated
activity profiles?
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Linking expression profiles to underlying sequence features

® Supervised models predicting an
expression value from CRE sequence. i o

Tlloc. ke J

Ex: Enformer, Basenji, Expecto, IS

AI-TAC o B ]

[Avsec et al., 2021, Kelley et al., 2018,

Zhou et al., 2018, Maslova et al., 2020] ) -. ~ .
+HE BN
— Not well adapted and

interpretable for entire expression Mode|.estm‘13t|on
time-series (RFs, Deep Learning, linear model, ...)
I

Model interpretation to find predictive
sequence features
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Methods
(1)

Linking expression profiles to underlying sequence features

® Supervised models predicting an
expression value from CRE sequence.
Ex: Enformer, Basenji, Expecto,
AI-TAC
[Avsec et al., 2021, Kelley et al., 2018,
Zhou et al., 2018, Maslova et al., 2020]

— Not well adapted and
interpretable for entire expression
time-series

® Unsupervised strategies like motif
enrichment analyses in groups of
co-expressed CREs
Ex: hdWGCNA, cisTopic

[Morabito et al., 2023,
Bravo Gonzilez-Blas et al., 2019]

— Sensitive to upstream clustering
strategy, K unknown, imperfect
correspondence between clusters and
sequence, no predictive ability

[Lajoie et al., 2012]
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FANTOM update

Differentiation
pseudotime

N — S

Co-expression clustering (kmeans,
dimension reduction, correlation modules
Sequence features enrichment per cluster

I

10l
J HECHL

o HN
o HN
1

Sequence features & expression profiles
associations
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Supervised learning To Inform Clustering (STOIC)

Co-expression clusters are learned to maximize the AUC of a model
using sequence features to predict cluster expression membership

Cluster in the Cxpressiun space

(e}
o
° .. Model ..
[e) .. trammg.
Cluster

RF(Sequence) ~

membership

The AUC is the optimization O | /& N
criterion for the cluster z
attributes:
- Centroid ain a RF on the Centroid Re-train a RF
- Correlation radius nitial cluster —  optimization —> optimization —"" "¢ %P “““‘
while the AUC increases

I n w
AlUAE Cw Wil R v

Expression clusters associated with
important sequence features

Redundant clusters pruning
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Results
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STOIC results on the neuron differentiation study

CRE clusters in the tSNE space Expression profiles
Cluster 8 Cluster 6 Cluster 2 Custer 8 Cluster 10
N =205 N=918 N=268 N=220 N = 2369
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Conditional permutation importan
of sequence features
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Results
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STOIC uncovers strongly associated sequence features

As compared to 2-step

) kmeans k=10
approaches: hdWGCNA (coverage-adjusted) sToIC uster
* HdWGCNA Y . B
(without metacell 1 - % & ‘ & 2
. . 4 E. 2 ] - 3
re-estimation) 2 .l 2 : :
Z : s
- s
y 20 :
b L .
. 404 9
-40 20 0 20 0 20 0 20 0 -20 0 20 none
tSNE1
0.8 r . o . !
0.7 o] ? %
i3
2 . .
< o o
. 0.64 . .
[Morabito et al., 2023] :
Cell Reports 0.54
hdWGCNA kmeans kmeans kmeans kmeans kmeans kmeans kmeans STOIC
e K-means with k=16 k=14 k=10 k=12 k=4 k=8 k=6
same coverage
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Results
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Important sequence features are supported by CHIP-Seq

Cluster 4
N=615 Important sequence features for cluster | 4
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Conditional permutation importance
of sequence features

Data from Wallace Yip’s lab: Kayoko Yasuzawa, Tsukasa Kouno, Jen-Chien Chang,
Chung-Chau Hon, Jay W. Shin
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Homogeneous epigenetic marks within inferred clusters

Stoic clusters are very often either enhancer-rich or promoter-rich

Promoter rich Mixed Enhancer-rich
Custer 8 Gusero Custer 1 Custors Cluster 10 Clster & Ol Clstro Cluster2 Claster 7
. . N= 1800 N 2369 N=615 =288 N=230
AUC = 0821 =504 AUC=0745 AUC = 0.751 AUC = 0778 AUC =0.735 Aot Ac-o21 AUC = 0815 AUC=0704

Sl el R

Proportion of the majority CRE
class per cluster

promoter 500

\

Proportion of enhancers or promoters.

b/

0.7 \ ‘
250 \
bivalent 0.6 unclassed| Sﬁm
promoter e
05 ) ' promoter
NOWGCNA  kméans stoic
iPSC NSC Neuron coverage iPSC NSC Neuron
adjusted

Derived from chromHMM applied to matched CUT& Tag data from Wallace Yip's lab:
Kayoko Yasuzawa, Tsukasa Kouno, Jen-Chien Chang, Chung-Chau Hon, Jay W. Shin
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Methods Results
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How specific are the learned sequence rules?

Clusters with similar enhancer-promoter composition and expression dynamic share
sequence rules

Model swaps between clusters

0.81
0.6
p of
promoters
in cluster
o
2041
050
075
0.21
0.01
elial neuroepithelial neuroepithelial diffe
LIRMM/IGMM/IMAG FANTOM update 11 /16




Methods Results

0000e00

How specific are the learned sequence rules?

Clusters with similar enhancer-promoter composition and expression dynamic share
sequence rules

Model swaps between clusters

0.81
0.6
p of
promoters
in cluster
o
2041
050
075
0.21
0.01
elial neuroepithelial neuroepithelial diffe
LIRMM/IGMM/IMAG FANTOM update 11 /16




Methods Results
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How specific are the learned sequence rules?

Clusters with similar enhancer-promoter composition and expression dynamic share
sequence rules

Model swaps between clusters
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DNA-DNA and RNA-DNA interactions between clusters

Contact iPSC NSC Neurons
rates between a aQ Q
clusters = 4 = s s
(same CRE
contacts o Y y
removed) o0 oo O
Hi-C
cr o o
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RNA
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Seq
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oy,
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Data from Kayoko Yasuzawa, Lokesh Tripathi, Masaki Kato, Rodi, Wallace Yip's, many others, processed with help
from C. Vroland. RADICL-Seq is cell-type specific [Bonetti et al., 2020]
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DNA-RNA contacts happen mostly in active promoters

Intra-cluster interactions in promoter clusters seem to support the idea of
transcriptional condensates

iPSC NSC Neuron Cluster 1 Cluster 9
0.0015 Yooy Ny’
AUC =0.745 AUC = 0.804

0.0005

6.6 of L

Rate of interactions in RADICL-Seq

0.0000

2¢'04 4e:04 6e:04 Be04 2004 4e-04 Ge.04 Be-04  2e:04 4e04  6e-04 Be-04
Rate of interactions in Hi-C

Differentiation pseudotime
But still many scenarios remain to be explored (enhancer-promoter
contacts, non-canonical DNA-RNA structures, IncRNAs .. .)
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Conclusions
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Perspectives

Perspectives for the upcoming article:

® Check the sensitivity of Stoic to the metacells estimation

e Apply Stoic to bulk CAGE kinetics from FANTOMB5:
"Transcribed enhancers lead waves of coordinated
transcription in transitioning mammalian cells”, Science
[Arner et al., 2015]
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Conclusions
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Take home message

STOIC associates a specific expression profile to underlying sequence features which
may reflect common and/or coordinated regulatory processes

Gortcal neuron

iPS cell Neural stem cell o e ptoce
Gibco PSC newrl
Tnducton

Feeder
freeWTCT)

[CCA - ACC] [CA] [ATC-GCG]
POU2F1/2 NEUROD1/2 REST
POU3F1/2 NEUROG2 ZNF93 Z
FOX)3 JUN JUND ONECUT1/2
NR2F1 SNAI2 RXRG RARA TCF21
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Conclusions
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Take home message

STOIC associates a specific expression profile to underlying sequence features which
may reflect common and/or coordinated regulatory processes

iPS cell Neural stem cell Sorticalneuron
Feeder Gibco P naal
fraeWTC11 induction
N =288 N=282 N =265 N = 1800 N=205
G073 G 2oTre G a0a A o704 AUC=0815 AUC=0776 AUC=0.745 AUC=0751 AUC=0821
[CCA - ACC] [CA] [ATC-GCG]
POU2F1/2 NEUROD1/2 REST
POU3F1/2 NEUROG2 ZNF93 d
FOX)3 P D JUN JUND ONECUT1/2
NR2F1 SNAI2 RXRG RARA TCF21
Stoic R package
Stoic's methodology is available as an R package. The machine-learning guided approach developped in
Stoic is applicable to any problem where the clustering of some measurments can be guided by a second
matched dataset.
library(remotes)
install_gitlab("oceane.cssn/stoic")
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Results controlled on simulations

STOIC recovers artificially enriched sequence features in co-expression clusters. lts
performances increase with enrichment intensity.

True simulated clustering Rand Index between true and inferred clusterings AUC of inferred clusters

-1 o2
Similarity to true clustering [T] Adjusted Rand Indox [ Rand index custer U

S o
3 i 7
w £ o050
g Zow
[ - 5
‘SNE. * Envchment siength En”mmsmw
0.25 0.75 1
NE1 1SN N1 SNE1
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DNA-DNA contacts between inferred clusters are less
dynamic than DNA-RNA contacts

iPsc NSC Neuron
.
R=0.48,p =0.00023 R=0.24,p=0.088 R=0.25,p=0.082
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Data from Wallace Yip's, Kayoko Yasuzawa, Lokesh Tripathi, Masaki Kato, Rodi, many other, processed with help
from C. Vroland
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Case study: single cell dataset of neuronal differentiation

Metacells overlay SCRNA umap

iPS cell Neural stem cell Cortical neuron
Feeder Gibco PSC neural Peter Heutink's protocol
free WTCT1 induction \ ,
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i NT3 0.500/ml
induced Ngn2 Lomnihi
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5' end scRNA-Seq data & snATAC

/= Differentiation
& > pseudotime

-Seq data
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Further interpretations of STOIC models

Repeat: SINE

Additional biological validations:

® TF importance reflects binding affinity for
CREs (REMAP) :

® Enrichment of GO terms linked to o
neurological development

1 2 3 4 5 6 7 8 9 1
Mid A-stretch Terminal A-stretch

Understanding of the cis-regulatory

Cluster 7 —
code: VG 0704 ]
® SINEs Repeat elements like AluS and J are ‘
enriched in certain enhancer clusters, and
co-localize with important TFBMs bl
® Alteration of important TFBMs by clinically ]

relevant variants, enrichment of molecular .m I

. . I |

QTLs within our clusters S MC I \CUIC

Co-occurrence via Poisson binomial tests
Analyses by Julien Raynal.
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