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Abstract 

T he increasing div ersit y of single-cell dat asets require systematic cell type characterization. Clustering is a critical step in single-cell analysis, 
heavily influencing downstream analyses. However, current unsupervised clustering algorithms rely on biologically irrele v ant parameters that 
require manual optimization and fail to capture hierarchical relationships between clusters. We developed IDclust, a framework that identifies 
clusters with significant biological features at multiple resolutions using biologically meaningful thresholds like fold change, adjusted P -value 
and fraction of expressing cells. By iteratively processing and clustering subsets of the dataset, IDclust guarantees that all clusters found have 
significantly different features and stops only when no more interpretable cluster is found. It also creates a hierarchy of clusters, enabling 
visualization of the hierarchical relationships between different clusters. Analyzing multiple single-cell transcriptomic reference datasets, IDclust 
achie v es superior clustering accuracy compared to state of the art algorithms. We sho w case its utility by identifying previously unannotated 
clusters and identifying branching patterns in scA T AC datasets. Using it’s unsupervised nature and ability to analyze different -omics, we compare 
the resolution of different histone marks in multi-omic paired-tag dataset. Overall, IDclust automates single-cell exploration, facilitates cell type 
annotation and provides a biologically interpretable basis for clustering. 
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ith the advent of single-cell genomics, researchers now have
ccess to measurements of messenger RNA (mRNA) expres-
ion, chromatin accessibility or chromatin modifications in
housands to millions of cells from tissue and even whole or-
anisms. One key advantage of single-cell technologies is the
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ability to distinguish and discover ‘cell types.’ A ‘cell type’ can
be defined as a group of cells that share morphological, pheno-
logical and functional features, yet the definition of ‘cell type’
is not fully resolved and remains open to debate ( 1 ,2 ). In prac-
tice, researchers exploring single-cell datasets use state-of-the-
art processing softwares, such as the Monocle ( 3 ), Seurat ( 4 )
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or Scanpy ( 5 ) packages. Common practices consist in perform-
ing unsupervised clustering with the provided functions im-
plemented in the packages using either the default parameters
(desired number of clusters, clustering resolution, k neighbors,
etc.) or manually adapting them until subjective satisfaction is
achieved. However, this manual adjustment is done on an ad-
hoc basis, lacks quantitative metrics for support and relies on
abstract parameters that are not biologically interpretable. 

Multiple unsupervised algorithms have been proposed to
find clusters within single-cell datasets. The Louvain ( 6 ) al-
gorithm, used under the hood in many of the packages men-
tioned above, has two main parameters, namely the resolu-
tion which controls the number of final clusters—the greater
the resolution, the higher the number of final clusters—and
the number of neighbors K used to create the shared nearest
neighbor graph which monitors the number of cell communi-
ties from the graph. The manual adjustment of these parame-
ters alters the clustering reproducibility and robustness. Other
algorithms have been proposed to find the optimal number
of clusters which represents the consensus number of clus-
ters obtained from multiple subsampling steps of the dataset
as MultiK ( 7 ), SC3 ( 8 ) and ConsensusClusterPlus ( 9 ). These
approaches relying on consensus clustering are computation-
ally heavy and hardly scalable on large datasets. Other ap-
proaches, such as Clustree ( 10 ) vary clustering resolution to
help choose a more robust number of clusters but do not pro-
vide the optimal number of clusters. Finally, some algorithms
rely on finding hierarchies of clusters, such as hierarchical
clustering or TooManyCells ( 11 ). However, many of these ap-
proaches still depend on parameters that are not biologically
relevant (e.g., resolution) or are only dedicated to scRNA-seq.
We argue that no single set of clustering parameters can be uni-
versally applied to all single-cell datasets that vary in number
of cells (from hundreds to millions), in nature (cell line, tis-
sue, disease) and obtained using different technologies (10X,
Smart-seq3, etc.). 

Here, we present IDclust, iterative differential clustering, a
clustering framework based on the definition of ‘cell type’ as
‘a homogeneous group of cells that share a common set of
molecular differences versus other cells.’ IDclust is an unsu-
pervised clustering algorithm that recursively finds all clusters
with significantly different biological features compared to
their neighbors. With IDclust, the parameters discriminating
between meaningful clusters are classic differential analysis-
based parameters: log2-fold change (FC), adjusted P -value
and fraction of expressing cells, with an additional parame-
ter, the number of differential features. Thus, the parameter
optimization inherent to clustering is shifted to biologically
relevant parameters. 

This framework can be applied to single-cell RNA (scRNA)
or single-cell epigenomic datasets, such as scA T AC-seq or sc-
CUT&Tag, but can easily be extended to other molecular as-
says. The recursive exploration allows us to preserve relation-
ships between clusters and thus create a hierarchy of clus-
ters. The framework guarantees that each cluster has a cer-
tain number of significantly different features and outputs the
marker genes of each cluster, facilitating the annotation of the
clusters. Finally, subparts of the dataset are reprocessed at each
step, allowing to effectively ‘zoom in’ and discover clusters
that might be missed when studying the entire dataset. IDClust
is available as an R package at https:// github.com/ vallotlab/

IDclust . 
Materials and methods 

Description of IDclust 

IDclust (iterative differential clustering) is an algorithm that 
recursively processes a single-cell dataset and finds clusters 
with significantly different features. It automatically and re- 
peatedly analyzes cells within a chosen cluster at each step,
reclusters them if needed and avoids clusters that contain no 

genuine biological variations. It stops when all the clusters 
with enough significantly different features from the neigh- 
boring clusters have been found. 

The algorithm returns hierarchical clustering of the cells,
as well as the significantly differential features found at each 

step. The output of IDclust can be visualized as a hierarchical 
cluster tree or overlaid on 2D representations such as uniform 

manifold approximation and projection (UMAP) or principal 
component analysis (PCA). 

The algorithm is conceived as a modulable framework in 

which the user can input its own processing and differen- 
tial function that best fits its technology. In this way, we be- 
lieve that IDclust could be used for other single-cell technolo- 
gies (single-cell DNA methylation, single-cell proteomics, etc.) 
and adapted for future computational developments involving 
data processing and differential analysis. 

IDclust algorithm 

The algorithm takes as input either a SingleCellExperiment or 
a Seurat object, containing an unnormalized count matrix. It 
outputs: 

1. The set of clusters with preserved relationship. 
2. The set of marker features for each cluster. 

Pseudo-code: 
X = the raw matrix ( features x cells ) 

process(X) ← function(X) { 
normalize X 

dimensionality_reduction X 

returns embedding 
} 
find_clusters(X) ← function(X, force = FALSE) { 

returns a set of clusters using Louvain, adapting k to the 
number of cells in X 

if (force == TRUE): 
returns a set of clusters using Louvain between 2 and 6 

} 
is_valid_cluster(X, cluster, limit) ← function(X, cluster) { 

X_cluster ← X[cells in cluster] 
X_rest ← X[cells not in cluster] 

differential_features ← differential_analysis(X_cluster, 
X_rest) 

if length(differential_features) > mini- 
mum_number_of_genes: 

return(TRUE) 
else 
return(FALSE) 

} 
# Start of the algorithm 

X ← process(X) 
initial_clusters ← find_clusters(X, force = TRUE ) 
n ← 0 

clusterisable_clusters = initial_clusters 
while length(clusterisable_clusters) > 0 : 

https://github.com/vallotlab/IDclust
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n ← n + 1 

cluster ← clusterisable_clusters[n] 
X’ ← X[cells in cluster] 
X’ ← preprocess(X’) 
subcluster s ← find_cluster s(X’) 
for subcluster in subclusters: 

if is_valid_cluster(subcluster): 
clusterisable_clusters = clusterisable_clusters + sub-

luster 
assigned_cells + = cells[subcluster] 

else 
subcluster is not a cluster, assign cells of subcluster to

luster 
done 
if assigned_cells / cells < 0.2 : 

clusterisable_clusters = clusterisable_clusters - subcluster
n subclusters 

done 
With ‘ minimum_number_of_genes ’ being the minimal

umber of differentially expressed genes to be considered dif-
erent (5 by default), ‘ preprocess ’ the normalization and di-
ensionality reduction provided by the user, ‘ find_clusters’

he clustering algorithm provided by the user. 

Dclust processing and differential analysis 

unctions 

he framework underlying functions was implemented for ei-
her scRNA (cells x genes) or scEpigenomics data (cells x re-
ions), but these functions can be supplied by the user if work-
ng with other categories of ‘single-cell omics.’ For scRNA,
rocessing and clustering are performed by the ‘Seurat’ pack-
ge, and for scEpigenomics, processing and clustering are per-
ormed by the ‘ChromSCape’ package. For both omics, the
ifferential analysis was set as pseudobulk edgeR LRT, one
f the top performing differential analysis methods in a re-
ent differential analysis benchmark ( 12 ,13 ). If replicates are
nown, they can be specified as parameters to create pseudob-
lks; otherwise, pseudobulk replicates are created by grouping
ells at random. 

Dclust graphical functions 

Dclust plots the iterative clustering through a network of
lusters (nodes) separated by edges, where node size cor-
elates with the number of cells in each cluster, and edge
idth represents the number of differentially expressed genes

DEGs) in the cluster. The central node contains all the
ells, while the leaf nodes contain the final clusters. The
ode boundary can be either solid or dotted, indicating
hether the cluster is present in the final set (solid line)
r is a latent cluster that was fully resubclustered (dotted
ine). 

ene set enrichment analysis 

everaging databases of gene sets, IDclust can automati-
ally determine which cell type or gene set is specifically
nriched in a given cluster using the DEGs found during
lustering. This allows users to quickly obtain information
bout what cell type or in what cell stage might each clus-
er be. In this study, we used a combination of the PangLao,
ellMarker and scTyper manually curated databases ( 14 )
nd filtered them for the corresponding tissue type /
rgans. 
Datasets for clustering algorithms benchmarking 

To benchmark the various parameters of IDclust, we gathered
datasets that were used in two recent clustering benchmarks
to compare the clustering outputs of various algorithms with
the ‘ground truths’ of known cell types, Duò et al . ( 15 ) and
Yu et al . ( 16 ): 

• The Koh / KohTCC ( 17 ), Kumar / KumarTCC / Kumar
Simulation Easy / Kumar Simulation Easy ( 18 ),
T rapnell / T rapnellTCC ( 19 ), Zhengmix / Zhengmix4eq /

Zhengmix4uneq / Zhengmix48eq ( 20 ) dataset were the
same as in Duò et al. ( 15 ) and retrieved using DuoClus-
tering2018 Bioconductor package. ‘True cell types’ were
taken in the ‘phenoid’ column. 

• As in Yu et al . ( 16 ), the Tabula Muris ( 21 ) atlas
from Droplet based technology or FACS-sorted tech-
nology was used to generate multiple types of datasets.
The data were first downloaded from (Tabula Muris:
Transcriptomic characterization of 20 organs and tis-
sues from Mus musculus at single cell resolution) as
Robjects. The cell type was composed of the con-
catenation of the organ and the ‘cell_ontology_class.’
The cell type with < 200 cells were removed, and
then each cell type was subsample to 200 cells.
The following type of datasets were generated as in
Yu et al.: 

• TabulaMuris Droplet—‘balanced cell type’: A balanced
mix of cell types from various organs (2–50 cell types). 

• TabulaMuris FACS sorted—‘balanced cell type’: Same as
the above for FACS-sorted datasets. 

• TabulaMuris Droplet—‘unbalanced cell type’: An unbal-
anced mix of 10 cell types from various organs (10 cell
types). In each batch, five cell types were subsampled pro-
gressively from 50 to 200 cells, 10 by 10 while the rest
of the cell types were fixed to 200. 

• TabulaMuris FACS sorted—“unbalanced cell type’:
same as the above but with FACS-sorted data. 

In addition to this, we generated a mix of organs: 

◦ TabulaMuris Droplet—‘organs’: All the cell types of or-
gans were mixed from 2 to 11 organs, in three replicates.

◦ TabulaMuris FACS sorted—‘organs’: Same as the above
for FACS-sorted datasets. 

◦ Each organ of the Tabula Sapiens dataset ( 22 ) was
downloaded from cellxgene website as Seurat object
( https:// cellxgene.cziscience.com/ collections/ e5f58829- 
1a66- 40b5- a624- 9046778e74f5 ). 

Benchmarking for clustering algorithms 

To compare IDclust with state-of-the-art single-cell cluster-
ing methods, we ran Seurat and Monocle, among the best
performing methods, on a recent benchmark 16 with default
parameters. We also compared the results of TooMany-
Cell, one of the most closely related clustering algorithms,
which produces a hierarchical partition of cells. The ‘raw’
method is TooManyCells using the default parameters, and
the ‘pruned’ method is described in the TooManyCells tu-
torial ( https:// gregoryschwartz.github.io/ too- many- cells/)
aimed at removing unwanted leaves using the parameters
‘–smart-cutoff 4 –min-size 1 

′ . For Metacell2 and SEA-
Cells, we ran the default pipelines using recommended
parameters respectively in https:// github.com/ dpeerlab/
SEACells/ blob/ main/ notebooks/ SEACell _ computation.ipynb 

https://cellxgene.cziscience.com/collections/e5f58829-1a66-40b5-a624-9046778e74f5
https://gregoryschwartz.github.io/too-many-cells/
https://github.com/dpeerlab/SEACells/blob/main/notebooks/SEACell_computation.ipynb
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and https:// github.com/ tanaylab/ metacells-vignettes/ blob/
main/ notebooks/ one-pass.ipynb . Then, as these algorithms
produce metacells, we thus further processed and clustered
the metacells using Seurat default pipeline changing the
number of neighbors during k-nearest neighbors (KNN)
graph construction to k = 2 as the number of metacells is
significantly lower than the number of cells. 

Metrics to evaluate clustering results 

To evaluate clustering solutions for datasets with known
ground truth labels (cell types defined by the authors), we
used two metrics: adjusted mutual information (AMI) and the
adjusted Rand index (ARI). For real-world datasets, this ap-
proach is limited since authors usually rely on Louvain clus-
tering to find clusters. However, we lack gold standards for
large single-cell datasets and rely on in-depth exploration by
the original authors. 

The ARI is a corrected version of the Rand index (RI),
which measures the similarity between two clusters by con-
sidering all pairs of samples and determining whether they are
consistently assigned to the same or different clusters in both
the predicted and true clusters. The raw RI score is then ad-
justed for chance to produce the ARI score using the following
formula: 

ARI = 

RI − E ( RI ) 
max ( RI ) − E ( RI ) 

where RI is the pre-computed RI, and E ( RI ) E ( RI ) E ( RI )
is the expected RI. 

MI is a measure of the mutual dependence between two
variables. It quantifies the amount of information obtained
about one variable through the other variable. For clustering,
MI measures the agreement between the predicted clustering
and the true clustering. The MI value is computed according
to the following formula: 

MI ( U, V ) = 

| U| ∑ 

i =1 

| V | ∑ 

j=1 

| U I ∩ V j| 
N 

log 
N| U i ∩ V j| 
| Ui || V j| 

where Ui|Ui|Ui is the number of samples in cluster. Ui|Ui|Ui ,
Vj | Vj | Vj is the number of samples in cluster Vj | Vj | Vj , and
NNN is the total number of samples. 

Results 

Overview of IDclust 

The workflow of IDclust is illustrated in Figure 1 A, and the
algorithm is described in detail in the ‘Materials and meth-
ods’ section. IDclust takes as input a single-cell matrix (cells
x genes) in the form of a Seurat ( 4 ) or SingleCellExperiment
( 23 ) object. The framework first processes the matrix to find a
coarse clustering, running the Louvain algorithm with a high
number of neighbors (starting K number of neighbors = 100)
(Figure 1 A, panel 0). The algorithm recursively explores each
cluster by reprocessing the dataset and finding subclusters
within each original cluster (Figure 1 A, panels 1–2). At each
resolution, a ‘one versus all’ differential analysis is performed
between all subclusters. This enables the distinction of rele-
vant subclusters, i.e., those with meaningful differences com-
pared to the rest of the cells, from clusters with no or too
few differences. The irrelevant clusters, with insufficient dif-
ferences, are then assigned to the parent cluster and are con-
sidered ‘already explored’ (Figure 1 A, panels 3–4). The algo-
rithm stops when no additional subclusters with significant 
markers are found within all unexplored clusters. IDclust dis- 
covers clusters with significant variations that are not identi- 
fied by analyzing the entire dataset. Moreover, the marker fea- 
tures of clusters and subclusters are remembered and marked 

as ‘clade-specific’ or ‘cluster-specific.’ For a given parent clus- 
ter, the ‘clade-specific’ markers that were then found to be 
‘cluster-specific’ in one of its child clusters were removed from 

the ‘common parent markers’ to keep only marker genes com- 
mon to all child clusters. 

The clustering is done by default with the Louvain algo- 
rithm. At the first iteration, we constrained the algorithm to 

divide the dataset into 2 to 6 clusters to begin with, in order 
to start with rather large entities with a reasonable number of 
cells in each cluster. For the next iterations, the K parameter 
used to generate the shared nearest neighbor (SNN) graph—
a higher K will yield less but larger clusters—is calculated as 
a percentage of the number of cells but was constrained be- 
tween 10 and 50 for computational reasons. The processing 
and differential analysis steps are entirely customizable for 
any omics with cell by features matrices but default functions 
are provided for scRNA and scEpigenomics (scA T AC-seq, sc- 
CUT&Tag, scChIP-seq, scDNA methylation, …). For the pro- 
cessing of scRNA datasets, the Seurat package ( 4 ) with de- 
fault parameters was used and ChromSCape package ( 24 ) was 
used for scEpigenomics. The default differential analysis for 
both omics methods is performed by the pseudobulk edgeR 

glmLRT (likelihood ratio test), one of the top performing dif- 
ferential analyses in two recent benchmarks ( 12 ,13 ). The phy- 
logenies of the clusters can be reconstructed and visualized as 
illustrated in Figure 1 B. 

The steps of the algorithms described above are recapitu- 
lated by taking the example of ‘red’ cluster processing. Within 

this cluster, four subclusters were found, but the ‘yellow’ clus- 
ter did not harbor any significantly overexpressed markers 
compared to the other subclusters and was thus assigned to 

the ‘red’ parent cluster. The ‘red’ cluster is therefore not en- 
tirely reclustered and will be displayed in the graph with solid 

lines as opposed to dotted lines for transient clusters. In the 
example, two new clusters are found within the ‘green’ sub- 
cluster, but both do not have enough markers, and the algo- 
rithm assigns them to their ‘green’ parent cluster. In contrast,
three new clusters with significant differences were found in 

the ‘salmon’ subcluster. Finally, the edge width reflects the 
number of significantly overexpressed markers in each sub- 
cluster, while the node area is proportional to the number of 
cells. 

Overall, IDclust combines dimensionality reduction, clus- 
tering and identification of marker features in a single func- 
tion. This approach guarantees that every cluster possesses 
marker genes that are significantly overexpressed. It proposes 
a different visualization than commonly used 2D representa- 
tions, such as UMAP or t-SNE, in which cluster closeness can 

be better represented. 

IDclust parameter sweep 

Relying on two recent single-cell clustering benchmarks 
(Duò et al. ( 15 ) and Yu et al. ( 16 )), we collected scRNA 

datasets of various nature: generated in silico , mixed in sil- 
ico , fluorescence-activated cell sorting (FACS) sorted, droplet- 
based, human or mouse ( 17–21 ) (see methods for further de- 
tails). The datasets comprised known ground truth (cell type) 

https://github.com/tanaylab/metacells-vignettes/blob/main/notebooks/one-pass.ipynb
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A

B

Figure 1 . Sc hematic representation of the IDclust algorithm and tree visualization. ( A ) Sc hematic representation of the iterative differential clustering 
(IDclust) method used to identify clusters of cells in an unsupervised w a y. Cells are first processed and clustered at low resolution. Then, each cluster is 
recursively reprocessed and subclustered. Only biologically relevant clusters bearing a defined amount of significantly different features from the other 
subclusters are kept as ‘true clusters.’ The subclusters bearing not enough overexpressed markers are assigned to the parent cluster that is not 
reclustered. The iterative path of clustering and the significantly different genes define a hierarchy that is represented in the upper part. ( B ) Schematic 
representation of the hierarchical cluster tree visualization. Each node is a cluster, either transient (dotted line) or final (solid line). The hierarchical 
relationships describe the iterative clustering at each iteration of the algorithm. The pie chart represents the proportion of each subcluster in a given 
transient parent cluster but could also be colored according to known cell type or percentage of cells activating a feature of interest. The width of the 
edges is proportional to the number of marker features of the child cluster, and the size of the nodes is proportional to the number of cells in each cluster. 
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ata. We first benchmarked the differential analysis parame-
ers of IDclust in a non combinatorial way. The parameters
ested were the FC, adjusted P- value, number of differential
eatures required and fraction of expressing cells (Figure 2 A;
upplementary Figure S1 a and b). We used three metrics to
ompare performances across the parameter sweep: AMI, ARI
nd number of predicted versus ground-truth cell types. The
MI and ARI are standard evaluation metrics that compare

wo sets of annotation, the ground truth and predicted ones.
e observed that the clustering was quite stable to varying

ifferential analysis threshold changes. Therefore, we set the
efault parameters to the commonly used biological thresh-
lds: FC ≥ 2, adjusted P -value < 0.01 and an FC of 2, an
djusted P -value of 0.01 and a fraction of expressing cells of
0%. 
Next, we benchmarked the clustering parameters that were

lso susceptible to influence on the final clustering: linear
oefficient to calculate K neighbors for Louvain clustering,
aximum K neighbors, K neighbors in the first round, res-
lution in the first round and resolution in the next rounds
 Supplementary Figure S2 a and b). Varying these parameters
ad a weak impact on the AMI and ratio of predicted clus-
ters to true cell types, except for the resolution at the next
rounds. Pushing the resolution at very low values, for example,
1e–05, decreased the AMI ( Supplementary Figure S2 a), and
increasing the resolution at high values ( > 0.2) predicted too
many clusters compared to the ground truth ( Supplementary 
Figure S2 b). 

Overall, we observed that the algorithm performed better in
terms of the AMI and ratio of predicted clusters versus ground
truth cell types for all the parameters when the number of cell
types was > 10. 

Benchmarking IDClust performances 

We next compared the performance of IDclust with that of
other state-of-the-art clustering tools, namely, Seurat, Mono-
cle and TooManyCells. Seurat and Monocle provide cluster-
ing at one single resolution, while TooManyCells iteratively
identifies clusters at various resolutions, such as IDclust. For
TooManyCells, two default sets of parameters are proposed
either by taking the graph as is (‘TooManyCells_raw’) or by
pruning the graphs (‘TooManyCells_pruned’). Additionally,
we compared our method with Metacell2 ( 25 ) and SEACells

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
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A B

C

D E

Figure 2. Comparing IDclust performances on Tabula Muris ‘organs’ datasets with those of other clustering tools. ( A ) AMI calculated between known 
cell types and clusters predicted by IDclust on datasets of variable numbers of cell types across different thresholds of adjusted P- value, FC, number of 
differential genes required and resolution of the iterative louvain clustering colored according to the different datasets. The Trapnell, Koh and Kumar 
datasets were downloaded from the DuoClustering2018 package, and the Tabula Muris dataset (droplet of FACS sorted) was divided into various cell 
types at random (‘cell type’), unbalanced cluster composition (‘unbalanced’) or by mixing different organs together at random (‘organs’). ( B ) Distribution 
boxplots of AMI calculated between known cell types and clusters on the ‘TabulaMuris-organs’ dataset of variable numbers of organs for IDclust, 
TooManyCells either by pruning or not pruning the lea v es, Seurat, Monocle, Metacell2 and SEACells with default parameters, as Metacell2 and SEACells 
produce. Two-sided T -tests were used to compare all tools with IDclust. ( C ) Same as (B) but for ARI. ( D ) St abilit y of the clustering, depicted by the 
number of clusters predicted by randomly subsampling 80% of the cells in the Tabula Muris-Organs (10 Organs) dataset; this process was repeated 10 
times. ( E ) Elapsed time of IDclust running on an increasing number of cells. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

( 26 ) which implement a high-granularity bottom-up approach
aggregating single-cell into ‘metacells,’ for example, groups of
cells with uniform profiles. These two algorithms are not clus-
tering algorithms per se but rather aim at improving signal by
aggregating cells together before downstream tasks such as
clustering or trajectory analysis. This is why we re-clustered
metacells obtained with both tools using Seurat with a lower
number of neighbors during KNN-graph construction ( k = 2)
in order to compare clustering results. 

Altogether, we showed that IDclust achieved overall compa-
rable or better AMI (Figure 2 B and Supplementary Figure S3 a)
and ARI (Figure 2 C and Supplementary Figure S3 b) than
other algorithms and estimated the number of ‘true’ cell types
with greater accuracy ( Supplementary Figure S3 c). Interest- 
ingly, the difference in performance increases when the com- 
plexity of the datasets increases. Too many cells is an itera- 
tive clustering algorithm similar to IDclust, but as shown in 

Supplementary Figure S3 c, the raw version produces a very 
large number of clusters, which is not the case for IDclust.
Pruning with default parameters produces fewer clusters than 

expected, and thus, optimization is needed. 
We compared IDclust and Seurat with default parameters 

on a more recent dataset from which we did not estimate pa- 
rameters from IDclust, the TabulaSapiens22 dataset contain- 
ing 483 152 cells over 24 organs ( Supplementary Figure S4 a).
We found that, compared with those of Seurat, the ARI and 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
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MI of 22 / 24 organs significantly and substantially increased
paired T -test, P- value = 2.3e–05 and 1e–05 for AMI and
RI, respectively). Although IDclust tends to predict slightly

ewer clusters than defined by the authors, contrary to Seu-
at, it manages to not separate large homogeneous clusters
 Supplementary Figure S4 b and c). 

Finally, we compare the stability of IDclust and Seurat by
andomly subsampling 80% of the dataset 10 times. Over-
ll, IDclust was slightly less stable than Seurat across subsam-
les (Sd = 7.15 and 0.70, respectively, for IDclust and Seurat)
Figure 2 D). Finally, we benchmark the running time for an
ncreasing number of cells (Figure 2 E) and show that the run-
ing time scales linearly with the number of cells and that for
 10 000 cell dataset, IDclust runs in ∼5 min. 

Dclust automatically reconstructs the hierarchy of 
he mouse skin and identified additional cell 
opulations 

o showcase the use of IDclust on a complex dataset, we ran
Dclust with default parameters on the single-cell transcrip-
omics datasets from a SHARE-seq experiment on mouse skin
 27 ). By comparing the clusters obtained ( n = 22) with author-
efined cell types ( n = 22), we observed that the majority of
ell types were automatically found by IDclust, with an AMI
f 0.698 (Figure 3 A). In addition, the IDclust reconstructs the
ierarchy within the mouse skin and separates cell entities
Figure 3 B and C), such as the epidermis (A1), the regenera-
ive part (A2) and the permanent part (A3) of the hair follicle,
nd within the dermis, such as the hair papilla (A4) and the en-
othelial compartment (A5). IDclust was able to identify both
are cell types—dermal papilla, sebaceous gland, melanocytes
nd macrophage DCs (2.15%, 0.56%, 0.55% and 0.8%,
espectively—and more common cell types—TAC-1 and gran-
lar epithelium (10.1% of all cells)). Additional pertinent in-
ormation given by the network is the order in which the cells
ere clustered. For instance, cells from K6 + Bulge C. Layers

merge from the epithelium rather than the Bulge / Isthmus en-
ity, indicating that its transcriptional profile might be closer
o that of epithelial cells than cells from the Bulge / Isthmus.
Dclust enables rapid visualization of the marker features sup-
orting the separation of cell types, as exemplified in Figure
 D, with dopachrome tautomerase (Dct), an enzyme involved
n melanin production and marking melanocytes, or collagen
 (Col1a2), which marks dermal fibroblasts. 

Owing to the hierarchical information between clusters, ID-
lust can retrieve marker genes with different expression pat-
erns among clusters (Figure 3 E): (i) genes that are expressed
n multiple downstream clusters (labeled ‘A2 versus all’) and
ii) genes that are specifically expressed in individual clusters
2_B1 to A2_B5. 
IDclust performs iterative clustering until no significant
arker genes can be identified, independent of any human

ntervention. This can lead to the identification of potential
ew groups of cells within an annotated dataset. For example,
e found two subpopulations within the originally annotated

Macrophage DC’ subtype (Figure 3 F). Subcluster A5_B3_C1
as enriched for hallmark macrophage markers such as anti-

en F4 / 80 (Adgre1), Cd163, maltose receptor 1 (Mrc1) and
olony stimulating factor 1 receptor ( Csf1r ) ( 28–30 ) while
5_B3_C2 was enriched for T-cell-specific markers such as
-cell receptor zeta (Cd247) and thymocyte selection associ-
ated high mobility group box (T ox). T o validate whether these
marker lists were random or were synonymous with potential
biological differences between cell populations, we predicted
which transcription factor could drive the expression of these
different genes according to the ChEA3 database ( 31 ). We
showed that Mafb , a factor involved in macrophage lineage
commitment ( 32 ) and Tbx21 and Tcf7 ( 33 ), two factors in-
volved in activation and survival of lymphocyte T cells, are the
most highly enriched TFs and could drive the expression pro-
grams of cells from A5_B3_C1 and A5_B3_C2, respectively
(Figure 3 G). 

IDclust reveals progressive acquisition of open 

chromatin regions during differentiation of the 

mouse skin 

To showcase the use of IDclust for other data types, we ran it
on the corresponding single-cell A T AC-seq dataset of the same
mouse skin dataset ( 27 ). IDclust allows the user to input the
processing and differential functions to work with regions in-
stead of genes. IDclust recapitulates most of the author’s anno-
tations, which were achieved using both the RNA and A T AC
signals, with an AMI of 0.543 (Figure 4 A, n = 31 clusters).
Similar to the scRNA dataset, the main cell entities were the
epidermis (A2), the regenerative part (A4) and the permanent
part (A3) of the hair follicle and the dermis layer (A1) (Figure
4 B and C). This shows that the major cell entities are identical
in terms of both the epigenome and the transcriptome. 

IDclust identifies cases of gradual differentiation, where an
entire cell population acquires new features without differen-
tiating into different cell subpopulations. For example, dur-
ing bulge / isthmus differentiation (A3), cells gradually acquire
open chromatin features in the regenerated part of the hair fol-
licle (Figure 4 D). Successive generations retain features from
their parents but also gain new open chromatin features. In
addition, leveraging information from multiple cell marker
databases, the cell clusters can be automatically annotated
based on the number of markers found in the databases, as
shown for the dermal portion of the dataset in Figure 4 F. In
this case, the ‘Dermal Sheath’ and ‘Dermal Papilla’ subtypes
were not present in the database, which explains the incorrect
annotations. 

We then compared the IDclust results between RNA and
A T AC. More clusters were found from an open chromatin
( n = 31) than from a gene expression perspective ( n = 22),
showing that cells with similar expression profiles sometimes
had distinct chromatin accessibility, for example, RNA clus-
ter A1 (Figure 4 F). Examining the ‘ORS’ cell type, IDclust re-
vealed three clusters related to chromatin accessibility (one
parent cluster, A4_B4 and two child clusters: A4_B4_C2 and
A4_B4_C3) but only one in RNA (A2_B4) (Figure 4 D). In
A T AC, compared to the remaining A4 clusters, the parent
cluster A4_B2 had 79 significantly more accessible regions,
which were also accessible in the two child clusters (Figure
4 D). Among these regions, the TSSs of 19 overlapping genes, 8
of which were found to be overexpressed in the corresponding
RNA cluster A2_B4, showed agreement between chromatin
openness and gene expression. However, from a chromatin
accessibility perspective, the two child populations bear com-
mon and distinct open regions, while from a gene expression
perspective, this looks like a unique homogenous population.
These two child clusters with open chromatin might be popu-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
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Figure 3. IDclust identifies meaningful clusters in an unsupervised w a y in mouse skin epigenomes (SHARE-seq-RNA). ( A ) Association heatmap of 
IDclust 22 clusters (rows) compared to author-defined 22 clusters (columns). Darker cells represent strong intersections, while lighter cells represent no 
intersections. ( B ) UMAP of the expression modality of SHARE-seq of mouse skin colored by IDclust clusters (upper panel) and author manual annotation 
(lo w er panel). ( C ) IDclust tree colored according to the author’s original manual annotation for comparison. Each node is a cluster, with a solid line 
representing final clusters and a dashed line representing intermediary clusters that were fully subclusters. The size of the circles is proportional to the 
number of cells, and the width of the edges is proportional to the number of marker genes for the downstream node. Zooms are indicated for reference 
to ( D –F ). (D) Subset of the IDclust tree (Zoom1) colored according to one of the top marker genes identified during clustering. The red color in the pie 
charts represents the proportion of cells in a cluster active for the given feature. (E) (left) Subset of the IDclust tree (Zoom 1) colored according to the 
author annotation. (Right) Associated heatmap of the top 10 marker genes for each IDclust cluster. The first 10 markers (gray bar) are the top markers of 
transient cluster ‘A2’ compared to all other cells. (F) Same as (E) but for the author cell type ‘Macrophage DC,’ which was subclustered into 2 distinct 
clusters by IDclust (Zoom 1). ( G ) ChEA3 inverted mean rank score for transcription factor enrichment of marker genes in A5_B3_C1 (top) and A5_B3_C2 
(bottom). 
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Figure 4. IDclust identifies meaningful clusters in an unsupervised w a y in mouse skin epigenomes (SHARE-seq-A T AC). ( A ) Association heatmap of 
IDclust 31 clusters (rows) compared to author-defined 22 clusters (columns). Darker cells represent strong intersections, while lighter cells represent no 
intersections. ( B ) UMAP of the A T AC modality of SHARE-seq of mouse skin colored by IDclust clusters (upper panel) and author annotation (lo w er 
panel). ( C ) IDclust tree colored by the proportion of cells in each cell type of the author annotation. Each node is a cluster, with a solid line representing 
final clusters and a dashed line representing intermediary clusters that were fully clustered. The size of the circles is proportional to the number of cells, 
and the width of the edges is proportional to the number of marker features for the downstream node. Zooms are indicated for reference to ( D–F ). (D) 
(left) Subset of the IDclust tree (Zoom 1) colored by author annotation. (Right) Associated heatmap of the top marker features for each IDclust cluster. (E) 
Subset of the IDclust tree (Zoom 2) colored by author annotation and with the top cell mark er f or each edge. The edges are annotated automatically with 
cell type using the enrichment of genes associated with marker features in combination with cell marker databases. The top most differentially 
expressed genes, the P- value associated with the hypergeometric enrichment test and the number of genes intersecting the list are also indicated (see 
‘Materials and methods’ section). The number on the right indicates the number of differential markers supporting the match. (F) Association heatmap of 
IDclust A T AC-based clusters (ro ws) compared to IDclust RNA-based clusters (columns). Dark er cells represent strong intersections, while lighter cells 
represent no intersections . ( G ) (left) Same as (D) but for Zoom 2, which contains a hierarchical acquisition of features. (Right) Corresponding subset of 
the RNA-based IDclust tree containing the outer root sheath (ORS) cell type. 
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A

B C

D E F G

Figure 5. Granularity analysis of different histone marks in the mouse brain (paired-tag). ( A ) IDclust network of the paired-tag mouse brain dataset for 
various single-cell sequencing methods: RNA, open chromatin and histone marks, including H3K4me3, H3K27me3, H3K27ac, H3K4me1 and H3K9me3. 
The AMI was calculated between the IDclust clusters and author cell type annotations. ( B ) Total number of clusters found by IDclust in the various 
molecular profiles. ( C ) Distribution of the number of differential features per cluster in the various molecular profiles. (C) ‘Within-cluster weighted purity’ 
of the main brain cell clades, as defined by the authors, for each molecular profile. ( D ) IDclust subnetwork of the H3K27ac paired-tag mouse brain dataset 
focusing on the ‘Interneuron’ cell types contained within clade A1_B5. ( E ) Same as (D) but for the RNA part, focusing on the ‘Interneuron’ cell types 
contained within clade A5. In Neu-Sst, InNeu-Pvalb and InNeu-CGE (caudal ganglionic eminence) are author-defined clusters. ( F ) Association heatmap of 
H3K27ac- and RNA-defined clusters for cells specific to the ‘CGE’ author-defined cell type. The P- value was calculated with the chi-squared test, with 
the null hypothesis indicating the independence of variables. ( G ) Association heatmap of H3K27ac- and RNA-defined ‘cluster-specific’ marker genes 
common to both modalities. The P- value was calculated with the chi-squared test, with the null hypothesis indicating the independence of variables. 
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ations primed with different expression programs, which are
ot yet activated by transcription factors. 

ell type annotation and new cluster discovery 

sing IDclust in the mouse brain (paired-tag) 

Dclust provides an unbiased clustering approach to reveal
ll clusters with private molecular features within a dataset
rom a single-cell dataset. It provides a framework to com-
are the granularity of multiple omic datasets of one cell pop-
lation. To illustrate this, we applied IDclust to the paired-
ag mouse brain dataset ( 34 ) containing single-cell sequenc-
ng of RNA, open chromatin and histone marks, including
3K4me3, H3K27me3, H3K27ac, H3K4me1 and H3K9me3,

n the same sample (Figure 5 A). We found that in the mouse
rain, the most granular molecular profiles were obtained via
NA and enhancer profiling with H3K27ac and H3K4me1
apping consistent with what we previously found ( 35 ). In
NA, IDclust combined with gene set enrichment (see ‘Mate-

ials and methods’ section) was able to precisely retrieve the
ell types defined by the authors ( Supplementary Figure S5 a).
nterestingly, chromatin accessibility and the active promoter
arker H3K4me3 presented the lowest overall granularity,
hich was lower than that of the repressive marks H3K27me3

nd H3K9me3 (Figure 5 B). By overlaying the four major ‘cell
lades’ present in the mouse brain, as originally defined by
he authors, for example, cortical, hippocampal, inhibitory
eurons and non-neurons, we were able to distinguish gen-
ral patterns (Figure 5 C). For instance, overall, non-neurons
ere the easiest cells to differentiate from the rest, while in-
ibitory neurons were more often mixed with other cell types
han were cortical or hippocampal neurons. 

We observed that in both the H3K27ac and RNA pro-
les, the CGE interneuron cell type was divided into two dis-
inct clusters (Figure 5 D and E). To determine whether these
lusters were consistent across the modalities, we selected the
lusters of interest for each modality on the same cells. We
ound that the two main subclusters in RNA indeed signifi-
antly matched (chi-squared test, P -value < 2.2e-16) the two
3K27ac clusters with high purity (92.1% and 89.6% for
5_B3 and A5_B4, respectively) (Figure 5 F). By comparing

he marker genes associated with each cluster (Figure 5 G), we
ound a significant overlap for the same pair of clusters (chi-
quared test P- value = 0.001). Among the 14 genes present
n the A5_B3-A1_B5_C3_D1 pair, multiple neuron-related
enes, such as the Sidekick genes Sdk1 and Sdk2, which are
nvolved in the formation and maintenance of neural circuits
n the retina ( 36 ) and the Cannabinoid receptor Cnr1 were
dentified. This shows that this division of cells performed by
Dclust de novo clusters is reliable, as it is found in a parallel
anner in the two molecular profiles. 

iscussion 

e developed IDclust, a framework for unsupervised recur-
ive differential clustering that relies on biologically relevant
hresholds. Additionally, IDclust provides visualization tools,
op marker genes, cell type and gene set annotation function-
lities, allowing the user to make sense of the clusters. We have
hown that the framework is applicable to multiple kinds of
omics, as the user can set its own clustering and differential
nalysis functions to be run by IDclust, but it has ready to use
functions for single-cell transcriptomics and epigenomics. We
provide the algorithm as an R package with simple instruc-
tions for users at https:// github.com/ vallotlab/ IDclust . 

Using IDclust, we were able to identify the main cell types
in the scRNA, scA T AC and scHistone datasets while also dis-
covering new clusters with meaningful heterogeneity. In the
scRNA dataset, we found a subcluster previously not found
by the authors that expressed T-cell markers and was enriched
for T-cell transcription factor cells. Additionally, IDclust hier-
archically arranges the clusters and finds genes common to
each branch as well as genes specific to each subcluster. This
allows the biologist to obtain a two-step view of the marker
genes to answer the following questions: what is specific to
this branch, and what is specific to this subbranch? In the
scA T AC dataset, we found that IDclust reveals two differ-
ent kinds of hierarchical structures: branching or nested clus-
ters. In the branching hierarchy, the parent cluster has marker
regions of both infants, each of which has specific markers.
In the nested hierarchy, the infants progressively gained spe-
cific markers compared to their parents. Finally, in a chal-
lenging multiomics dataset such as Paired-tag, IDclust allows
us to find and compare the granularity provided by different
histone marks, showing that in the mouse brain, H3K27ac
and H3K4me1 provide more granular views than A T AC or
H3K4me3. 

The limitations of this algorithm are the inner clustering
parameters, which impact the accuracy and precision. This is
because when ‘zooming’ on a cluster occurs, if the resolution
of the Louvain algorithm is too high, many small clusters will
be found, some of which differ from each other. If the resolu-
tion is too low, only 1 subcluster will be found, and the cluster
will not be further divided. To palliate this, we force the first
round of clustering to be between 2 and 6 so that the start-
ing resolution is not too impactful. Additionally, the number
of neighbors K needed to create the SNN graph for the Lou-
vain algorithm decreases with the number of cells and is fixed
between a minimum of K = 10 and K = 50. This allows a rea-
sonable number of clusters depending on the number of cells.
The biological limitation of this approach is that within each
cell cluster, the cell types may ultimately be separated by cell
phase (G1, S and G2 / M). 

Overall, we believe that IDclust is a useful tool for deci-
phering complex datasets that will enable scientists to find
clusters based on biologically meaningful parameters and en-
able easier interpretation of the clustering results. Moreover,
since IDclust reprocesses embedding for each iteration, it finds
sources of variation that would be too subtle when looking
at the whole dataset. These subtle but real variations may be
overshadowed by the largest differences, but are important for
fine clustering. This tool will help researchers automatically
find all the populations that are significantly different from
each other and then refine the clustering by interpreting the
gene sets enriched in each cluster. Finally, IDclust’s hierarchy
of clusters represents a useful representation of the true link
between cell populations. 

Data availability 

The R package IDclust, tutorials and scripts used
for this manuscript are publicly available on GitHub
( https:// github.com/ vallotlab/ IDclust ) under the GPL-
3 license. The code for the analysis of the data pre-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqae174#supplementary-data
https://github.com/vallotlab/IDclust
https://github.com/vallotlab/IDclust
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sented in this paper can be found on Zenodo ( https:
// doi.org/ 10.5281/ zenodo.12772866 ). The mouse Tabu-
laMuris ( 21 ) scRNA-seq dataset is downloaded from Tabula
Muris: Transcriptomic characterization of 20 organs and
tissues from Mus musculus at single cell resolution. The
human organs dataset from the Tabula Sapiens dataset
( 22 ) was downloaded from cellxgene website as Seurat ob-
ject ( https:// cellxgene.cziscience.com/ collections/ e5f58829- 
1a66- 40b5- a624- 9046778e74f5 ). The Koh / KohTCC
( 17 ), Kumar / KumarTCC / Kumar Simulation Easy / Kumar
Simulation Easy ( 18 ), T rapnell / T rapnellTCC ( 19 ) and
Zhengmix / Zhengmix4eq / Zhengmix4uneq / Zhengmix48eq 

( 20 ) dataset were retrieved using DuoClustering2018 Bio-
conductor package. The paired-tag ( 34 ) dataset for all six
modalities was downloaded from GSE152020. 

Supplementary data 

Supplementary Data are available at NARGAB Online. 
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