
DNA-DNA contacts between clusters from
Hi-C are static during differentiation

DNA-RNA contacts between clusters from 
RADICL-Seq are dynamic
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Chromatin states of CREs are predicted from CUT&Tag epigenetic data by chromHMM

A machine-learning guided approach to explore the cis-regulatory code involved 
in neuronal differentiation
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Gene expression is controlled by proximal and distal cis-regulatory elements (CREs), con-
taining DNA motifs bound by various transcription factors (TFs). Other sequence features, such as
specific k-mers or low complexity regions, have also been implicated 1–3 .
 
However, in a dynamic biological process such as cell differentiation, we lack an understanding of 
how the transcriptional activity of CREs progressively change and what sequence features underlie 
these transitions, which may reflect common and/or coordinated regulatory processes.

~11000 transcriptionally variable CREs~400 sequence features for each CRE (k-mers & TF motifs)

Stoic is an original approach that aims to identify the sequences features responsible for specific 
CRE expression profiles observed in the data. For this, Stoic explores the expression space and 
delineates the CRE clusters iteratively in order to optimize the performance of a supervised classifier 
predicting CRE cluster membership using only DNA sequence features.

Studies of clustering stability showed that 
Stoic is comparable to the k-means approach 
for the same number of clusters and starting 
points. 

However, Stoic provides higher AUC values 
for discriminating cluster membership using 
sequence features, showing that it recovers 
stronger sequence to expression 
associations than the standard k-means.

Further experiments on simulated data also 
showed good precision and recall values.

Stoic: a machine-learning guided method to identify the 
sequence features associated with specific CRE expression 
profiles
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Performances

Stoic R package

Stoic clusters outline diverse expression profiles and epigenetic 
signatures

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.

Most inferred clusters are either enhancer-rich or promoter-rich

Differentiation pseudotime

Important sequence features in Stoic clusters are supported 
by CHIP-Seq experiments

4
ns* *** *** *ns *

(266)(2369) (288)(282)(615) (1800)(918)(239) (295)(220) (3620)

0

5

10

15

20

7 4 10 9 none 1 6 5 8 3 2

%
 o

f C
R

E
s

TEAD4 CHIP−Seq peaks (% of CREs with overlap)

4
TCF4

[AGG]
[CC]

CUX2
CUX1

TEAD3
CREB1
TEAD4

Ebf2
CEBPD

EBF3
NR2F1
FOS.1
GLI3

[ACC]

0 0.0005 0.0010 0.0015 0.0020

Conditional permutation importance
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Important sequence features for cluster
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Important sequence features for cluster

Neurons

TEAD4 and ONECUT2 are predicted as important sequence features of clusters 4 and 5, and are enriched in 
binding events in the CREs of these clusters.
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Further interpretations of Stoic clusters based on eQTLs, repeat elements, or clinically relevant gene sets
provide an updated perspective on the transcriptional regulations at play during neuronal differentiation. 

Transcriptionnally active clusters come into contact in a cell 
type-specific manner

Stoic was compared to a non-guided approach that first runs a clustering of the CRE expression profiles 
with a standard k-means algorithm, and then trains k RFs to predict cluster membership using sequence 
features.


