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ABSTRACT

Single-cell RNA sequencing enables us to charac-
terize the cellular heterogeneity in single cell res-
olution with the help of cell type identification al-
gorithms. However, the noise inherent in single-cell
RNA-sequencing data severely disturbs the accuracy
of cell clustering, marker identification and visual-
ization. We propose that clustering based on feature
density profiles can distinguish informative features
from noise. We named such strategy as ‘entropy sub-
space’ separation and designed a cell clustering al-
gorithm called ENtropy subspace separation-based
Clustering for nOise REduction (ENCORE) by inte-
grating the ‘entropy subspace’ separation strategy
with a consensus clustering method. We demon-
strate that ENCORE performs superiorly on cell
clustering and generates high-resolution visualiza-
tion across 12 standard datasets. More importantly,
ENCORE enables identification of group markers
with biological significance from a hard-to-separate
dataset. With the advantages of effective feature se-
lection, improved clustering, accurate marker identi-
fication and high-resolution visualization, we present
ENCORE to the community as an important tool for
scRNA-seq data analysis to study cellular hetero-
geneity and discover group markers.

INTRODUCTION

Single-cell RNA sequencing (scRNA-seq) enables re-
searchers to capture the transcriptomes of individual cells
(1,2). It has dramatically advanced our knowledge of bio-
logical systems by providing unbiased and detailed infor-
mation to dissect complicated biological samples (3-5). To
make the best use of sScRNA-seq datasets, it is critical to de-
velop computational methods with high resolution and ac-
curacy in cell clustering, low-dimensional visualization and
group markers identification.

De novo cell clustering methods, which usually consist of
normalization, feature selection, dimensionality reduction,
distance calculation, clustering and group marker identifi-
cation, have been developing rapidly and showing a pro-
found impact on the application of scRNA-seq. Most of
these algorithms, such as Seurat (6), SIMLR (7) and pcaRe-
duce (8), continue to improve clustering accuracy, distance
calculation and dimensionality reduction. To this end, a
variety of clustering, distance calculation and dimension-
ality reduction related strategies have evolved rapidly in
this field. For cell clustering, Lloyd ’s algorithm (9), hi-
erarchical clustering (10) and community-detection-based
methods (6) have been widely used by the community.
For distance/similarity calculation, Euclidean distance and
Pearson’s correlation are the most popular methods. Meth-
ods like SIMLR (7) enhances clustering performance and
visualization by integrating a kernel-based similarity learn-
ing. Meanwhile, algorithms like pcaReduce (8) focus on
accelerating the computational process and improving the
low-dimensional visualizations. In addition, some meth-
ods like the co-occurrence clustering algorithm (11) and
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MAGIC (12) are committed to utilize/solve the widely ex-
isting dropout issues in scRNA-seq data. In comparison,
the improvement of feature selection is developing more
slowly.

Known as the ‘curse of dimensionality’ (13), the high
dimensionality of scRNA-seq data may underestimate the
distance between cells and make it difficult to identify
cell groups. Feature selection, which selects meaningful
genes/transcripts from tens of thousands of features, is able
to reduce the noise, improve the accuracy of clustering,
avoid lost rare cell types and speed up calculations by ex-
tracting the informative data and filtering out the disturb-
ing information. One major hurdle for the development of
feature selection is the various kinds of noise coming from
many aspects of sScRNA-seq data. In most cases, features are
selected by calculating the coefficient of variation and mean
of gene expressions across cells (14). These two parame-
ters are heavily disturbed by noisy features. Specifically, ex-
pression mean can be heavily affected by highly-expressed
but lowly-informative features (15). Thus, it is difficult to
select lowly-expressed but highly-informative features with
feature selection based on expression mean. While, the co-
efficient of variation of feature expression can be heavily
affected by batch effect, dropouts and other unrecognized
noise. These problems are difficult to solve solely with the
improvement of wet lab methods.

The existence of noise makes it difficult to identify group
structures in high-dimensional space. One solution is to per-
form subspace clustering to achieve optimal multi-subspace
representations. For scRNNA-seq data, subspaces are re-
ferring to groups of features (genes/transcripts). This ap-
proach has been applied in various fields (16,17), but typ-
ically these methods were designed to select optimal sub-
spaces in various dimensions and combinations within high
dimensional spaces. Such methods are computationally in-
tractable when applied to scRNA-seq analysis, because
scRNA-seq datasets always contain tens of thousands of di-
mensions. In addition, selecting subspaces for downstream
analysis to obtain most information and avoid noise is also
difficult to achieve with the existing computational algo-
rithm. In order to address the limitations of current ap-
proaches, we present a new method called ENCORE, an
integrated and user-friendly R package for single cell clus-
tering (https://github.com/SONG0417/ENCORE_V1.0.git)
with a unique subspace clustering strategy for noise reduc-
tion and feature selection. ENCORE was designed based on
the hypothesis (detailly explained in Supplementary Note 1)
that features with similar density profiles across cells may
be comparable in terms of informativeness and cell groups
may be better displayed in subspaces consisting of com-
parable informativeness features. With this hypothesis, the
subspace clustering process can be simplified as clustering
of density profiles. This hypothesis was validated by the
‘entropy subspace’ separation step in ENCORE, which is
able to robustly identify subspaces with clearly separated
cell groups. ENCORE also includes a consensus clustering
process, which intensifies the consensus signal from multi-
subspaces and retains subspace-specific signals. We vali-
dated that ENCORE can perform accurate cell clustering,
2D visualization and group marker identification on vari-
ous scRNA-seq datasets.
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MATERIALS AND METHODS

ENCORE was designed for matrices with various normal-
ization units or raw data without normalization. It takes an
expression matrix, X, in which columns correspond to fea-
tures (gene/transcripts) and rows correspond to cells, as in-
put. ENCORE includes three major steps: subspace separa-
tion, cell clustering in subspaces and consensus clustering.
The more detailed procedure of ENCORE is as follows:

Subspace separation

Data transformation. ENCORE uses log-transformation
to transform each expression matrix from different single-
cell platforms to a similar scale. Then a transformed expres-
sion matrix X’ is obtained by log-transformation.

_ Jlog;y (X + 1);if max (X) > 10000
~ llog, (X + 1); if max (X) < 10000

Subspace separation based on feature kernel density pro-
files. To investigate the shape of the density profile, we
only considered the density values of the grids with prede-
fined size but not the related gene expression. The kernel
density of each gene was calculated using the density func-
tion in R (18). Specifically, the mass of the empirical dis-
tribution function was dispersed over a regular grid of 512
points for dataset <10 000 and 2000 points for dataset >10
000 cells. Fast Fourier transform was then used to convolve
this approximation with a discretized version of the kernel.
The linear approximation was used to evaluate the density
at the specified points. In this way, the approximate density
values of the points were achieved to generate the matrix
‘E’. In the ‘matrix E’, each column corresponds to the den-
sity values and each row corresponds to a gene. ENCORE
then used the R package ‘mclust’ to conduct the Gaussian
mixture models (GMM) (19) clustering to separate genes
into different subspaces according to matrix ‘E’. A GMM
is a probabilistic model that assumes all the data points are
generated from a mixture of a finite number of Gaussian
distributions with unknown parameters. It is defined as fol-
low:

sk
PIO) =" cud(y10u)

sk=1
where ¢(y|0,;) is Gaussian density, oy is coefficient with

sk
e >0, > ag=1
sk =1

Here, the optimal model is selected according to the
Bayesian Information Criterion (BIC) (20) and 2-10 sub-
spaces will be defined by default. Therefore, genes with sim-
ilar density profiles could be separated into same subspaces
(group of genes).

To accelerate this process, ENCORE also integrates a K-
means (21) clustering option, which works faster but under
some circumstances may be less accurate. For the current
analysis of 12 standard datasets, we employed a compro-
mise procedure, where a GMM clustering with predefined
parameters (sk = 4, model = ‘“VEV’) was applied initially
with K-means clustering then applied if GMM clustering
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produced a ‘null’ result, to guarantee the high accuracy and
acceptable running time simultaneously. In this case, the pa-
rameters (sk =4, model = ‘VEV’) were chosen as predefined
models because they resulted in the largest BIC values for
most of the datasets. In the final ENCORE package, we im-
plemented all of these three modes (GMM, K-means and
compromise modes).

Cell clustering in subspaces

Distance calculation and entropy evaluation in subspaces.
Similarity between cells in different subspaces is determined
by calculating a Pearson’s correlation coefficient matrix (S,
i=1,2,3..., whereirepresents subspace i) by default. These
matrices are then transformed into distance matrices (D;, i
=1, 2, 3..., where i represents subspace i) using formula as
follows:

D =J— S—diag(l)

where J represents an all-ones matrix and diag(1) represents
a diagonal matrix with main diagonal entries equal to one.
Both matrices have the same dimensions as S;. In this pro-
cess, the subspaces bearing large number of dropouts result
in the existing of cells show zeros on all features will get a
result as ‘null” and they will be filtered out.

T-distributed stochastic neighbor embedding (-SNE) is
then used to transform the distance matrices into 2D dis-
tributions. Subspaces with informative cell groups will con-
tain cells with more regular distributions while subspaces
without group information will have random distributions.
The hierarchical density-based spatial clustering of appli-
cations with noise (HDBSCAN) (22,23) algorithm is then
applied to calculate the cell distribution chaos degree (en-
tropy) in each subspace. In brief, based 2D t-SNE distri-
bution of cells, HDBSCAN generates density function (a
value proportional to the number of points per unit vol-
ume at each point) based on K-nearest-neighbor (KNN)
graph. Then the density-based hierarchy is calculated and
clusters are obtained by cutting the hierarchy graph with a
range of values as density threshold A. The optimal cut leads
to identification of the most prominent clusters, which are
called salient (‘flat’) clusters. The cluster scores generated
in this process represent the robustness of the clusters. The
more robust cluster will be obtained under a larger range
of \s and assigned with a higher cluster score. The entropy
of each subspace is then defined based on the mean cluster
score (mC;, i represent subspace i) of each salient cluster.
Entropy reflects the amount of cell group information and
the chaos degree of cell distributions.

100

Entropysubspacei = Il'l_Cl (1)
Subspaces with the lowest entropy scores (defined as SS)
are then chosen for the following analyses. By testing on 12
standard datasets, we found that most datasets contain ~4
subspaces which display well-organized cell-group struc-
ture. Thus, four subspaces with lowest entropy are defined

as low-entropy subspaces in default in ENCORE.

Clustering in subspaces. ENCORE includes both spectral
clustering and ~-SNE-based HDBSCAN clustering (which
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involves HDBSCAN clustering after dimension reduction
by -SNE) to finalize cell clustering in each subspace, us-
ing either the similarity matrix S; (for spectral clustering)
or distance matrix D; (for -SNE-based HDBSCAN clus-
tering) as input. Here, two strategies are implemented and
used selectively because we found that different datasets
showed different cell distributions based on the test of 12
standard datasets. Some datasets did not show any distinc-
tive cell group information in t-SNE distributions of ‘low
entropy’ subspaces, which could not be well clustered by
HDBSCAN because it clusters cells according to the t-SNE
distributions in subspaces. Therefore, ENCORE integrates
another cluster choice (spectral mode) which uses spectral
cluster to find cell groups in these datasets. We then de-
signed an automatic selection procedure in ENCORE for
clustering in subspaces. The -SNE-based HDBSCAN clus-
tering was firstly used as default method because it is much
faster than spectral clustering. In case the datasets have not
shown any distinctive cell group information in ~-SNE dis-
tributions of ‘low entropy’ subspaces, HDBSCAN is not
suitable for its analysis. Thus if the value of ‘4’ (cell cluster
number) of these dataset is available, spectral clustering in
subspaces was applied instead of t-SNE-based HDBSCAN
clustering in two cases: (i) the two subspaces with the low-
est entropy values (subspace,; and subspace,;) have large
conflicts in cell clusters (IN; — N>l > min(N;,N,), where
N and N, represent the output classification numbers of
these subspaces) and (i) --SNE-based HDBSCAN cluster-
ing produces a mean cluster number (k) from subspace
and subspace.; with a large distance from the given k
(k — k| > 0.3*min(k,k)).

Consensus clustering

Consensus clustering.  To efficiently utilize cell group infor-
mation contained in the selected subspaces, ENCORE gen-
erates a combined similarity matrix and a combined dis-
tance matrix as follows:

§=) S and D=) Di.ieSS

In order to characterize consensus information across
subspaces, ENCORE computes a consensus-factor ma-

trix (C) based on a method similar to the cluster-based
similarity-partitioning algorithm (CSPA) (24). C is con-
structed based on clustering results from the subspaces:

0, if cell; and cell; are never located in same cluster
~ 1, if cell; and cell; are located in same cluster in one subspace
Gy = ; . .

2, if cell; and cellj are located in same cluster in two subspaces

Then, a more integrative similarity matrix (s) and dis-
tance matrix (D) with clear group structure are generated:

S=3. <ié+ J) and D= D . 22
2w (C +2wJ )
J represents an all-ones matrix with the same dimensions
as S, and w represents the number of selected subspaces.
Using D as input, the final clustering is then conducted
using a -SNE-based HDBSCAN algorithm. Consistent
with clustering in subspaces, minPts, which represents the
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minimum size of clusters and the unique required param-
eter for HDBSCAN, is set to 5, 10, 30 and 50 for datasets
with <250 cells, <5000 cells, <10 000 cells and >10 000 cells,
respectively. These settings work well for all datasets used in
this study.

Marker selection. For each cell group, binary clustering
is applied based on the consensus clustering result: if a
cell is distributed in this group, set to 1; otherwise, set to
0. For each gene, a Pearson correlation test is then con-
ducted between the binary cluster value and the expression
value, with the resultant P-value adjusted based on Holm’s
method (25). ENCORE considers genes with adjusted P-
values <0.0001 (default) as cell group markers. An AUC
score is then calculated using the area under the receiver
operating characteristics (ROC) curve (AUC). The score is
calculated by comparing the gene expression level to the bi-
nary cluster and the resultant scores are used to rank the
markers. Genes with a larger AUC score are considered as
more reliable group markers. For each cell group, ENCORE
will generate feature plots of markers with the top 20 high-
est AUC scores by default.

Optimizations based on markers. ENCORE integrates two
optimization processes based on the resolution of group
markers. When running subspace clustering in spectral clus-
tering mode, a prior of k is required and ENCORE will
obtain a suitable k through fine-tuning. Here, a ‘“kprior” can
be obtained via the entropy evaluation process as the aver-
age cell group number in the two subspaces with the lowest
entropies. Users can also predefine the ‘Ao, according to
prior knowledge of input or cell distributions in the sub-
spaces. IAUC _scorel is then defined and used to choose a
more suitable k based on “kprior :

>N raug
ELING | yy)
2

w = [ (10 < 1avcen)
TAUC(x)

TAUC_scorel = ( and

N and TAUC, represent the final classification number
and the ranked marker resolution of the cell cluster, respec-

5

tively. IAUC is defined as: JAUC = 2 G here AU C;
represents the jth highest AUC score from the group mark-
ers for a specific cell cluster. By default, three ‘k” values
(kprior — 1, kpriors kprior + 1) Will be tested in this process.

Meanwhile, the other parameter ‘c’, which is required to
determine the subspaces with lowest entropies for consen-
sus clustering was optimized by another IAUC score. Four
subspaces with the lowest entropy are used and tested in
this step and then ENCORE choose among these four sub-
spaces according to the TAUC_score2. In this way, an opti-
mal cluster result with best group marker resolution is got
based on a subset from these four subspaces.

TAUC score2 = TAUC_scorel +0.1f (3)

Here, fis defined based on the relative number of group
markers. The details are described in the code of ENCORE.
To reduce computational burden, up to 1000 cells and 1000
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features will be randomly sampled and used in the JAUC
scores calculation.

Large scale extension. We extended ENCORE to process
samples with tens of thousands of cells by an unsupervised-
supervised integrated process. First, 10 000 cells are ran-
domly sampled as seeds. The corresponding sub-expression
matrix, X;, with 10 000 records, is abstracted and used as
input for ENCORE. The resulting cluster results, accom-
panied by the similarity matrices from selected subspaces,
are then used to train an SVM model to predict the cluster
labels for all cells. ENCORE uses the svm() function from
the e1071 package in R, and 80% of records (the sampled
10 000 cells) are randomly sampled to train the svm model
with a sigmoid kernel. More details are in Supplementary
Note 2.

Comparison with other methods based on 12 standard
datasets

In order to evaluate and compare the cell clustering perfor-
mance of ENCORE to other 4 tools (Seurat v3.1.4, SIMLR,
t-SNE + K-means and pcaReduce), 12 standard scRNA
datasets were analyzed and three metrics were calculated
to quantitative the results. The real k for each dataset has
been provided for all methods as prior information, and
ENCORE fine-tunes the k value according to ITAUC_scorel.

ARI, NMI and NNE calculation. Adjusted Rand index
(ARI) (26) and normalized mutual information (NMI) (24)
were calculated with the help of mclust and NMI packages
using the following formula:

(%)~ M

2

ARI (T, P) =

[EERRRE

2% I(T, P)
[H(T)+ H(P)]

T represents the published clusters and P consists of pre-
dicted clusters. Given a set of cells, the overlap between the
published and predicted clusters can be summarized in a
contingency table with #;; as the number of times a cell oc-
curs in cluster i of T and cluster j of P; a; and b; refer to the
sum of the ith row and jth column of the contingency table,
respectively; () refers to a binomial coefficient; /() represents
the mutual information metric and H() is the entropy met-
ric.

Similar to the supervised approach used by SIMLR,
Nearest Neighbor Error (NNE) was defined based on the
analysis of the dimension reduction results with 10-fold
cross-validation. In each trail of cross-validation, nine fold-
ers were randomly selected as training data (Xy), and the
remaining one folder was used as validation data (X). With
the Euclidean distance calculation between Xy and X, we
assigned a cell,; in Xy with a cluster label, which was the

NMI (T, P) =
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same as the cell in Xt with the smallest distance to cell;.
The average classification error for the folds was obtained
and we repeated the cross validation independently 20 times.
The final average error among 20 x 10 validations was then
used as the NNE.

Benchmarking. The standard datasets (Supplementary
Table S1) were obtained from the original publications. Al-
gorithms were downloaded and installed according to their
manuals and run using default parameters. For /-SNE +
K-means, SIMLR and pcaReduce, the same normalization
was conducted as ENCORE. For -SNE + K-means and
ENCORE, Rtsne from the Rtsne package was integrated.
Here, we used perplexity = 15 in Rtsne for datasets with
cells <100. Otherwise, perplexity = 30.

Biological application

An expression matrix was obtained from the original pub-
lication (27) and processed using ENCORE. K-means clus-
tering and spectral clustering were applied in the subspace
separation and subspace cell clustering stages, respectively.
More details are provided in Supplementary Note 3.

Cell culture. 3T3-L1 preadipocytes were cultured in
DMEM medium (Thermo Fisher) with 10% FBS (Gibco) at
37°C and 5% CO;. In order to overexpress Mgp, cells were
transfected with overexpression Mgp plasmid (Genewiz) or
GFP plasmid (contributed by Xiaofei Yu lab, Fudan Uni-
versity) using a 4D-Nucleofector™ System and correspond-
ing reagents (Lonza). Two days after transfection, cells were
treated with DMEM containing 10% FBS + w/o0 5 pg/ml
insulin (Sigma 19278) for 4 days. For insulin stimulation as-
says, cells were incubated in DMEM medium without FBS
for 4 h before 5 min stimulation with 5 or 2.5 wg/ml insulin.

RNA Isolation/ Quantitative RT-PCR. TRIzol (Thermo
Fisher) was used for RNA isolation. Extracted RNA
(500 ng) was converted into cDNA using the Prime-
Script™ RT reagent Kit (Takara). Quantitative RT-PCR
(qQRT-PCR) was performed using an Applied Biosystems
QuantStudio 3 system (Applied Biosystems) and TB Green
PCR Master Mix (Takara). Fold change was determined by
comparing target gene expression with the reference gene
36b4. The sequences of primers used in this manuscript are
in Supplementary Table S2.

ELISA. The cells were lysed by lysis buffer (50 mM Tris-
HCI, 150 mM Nacl, 0.5% NP-40, pH 8.0) with protease in-
hibitors. The amount of T3 was measured using a General
Triiodothyronine ELISA Kit (ABclonal) following the ven-
dor’s instruction. The concentration of T3 was normalized
to the protein concentration of cell lysis.

RESULTS
Working principle of ENCORE

ENCORE conducts noise reduction and feature selection
based on ‘entropy subspace’ separation (Figure 1A). In or-
der to capture the variation in gene expression, we first gen-
erated density profile for each gene across all cells. Genes
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with higher expression variation tend to produce density
profiles with more fluctuations. Thus, ENCORE recog-
nizes genes with different density profile patterns and sep-
arates them into subspaces using Gaussian Mixture Mod-
els (GMM) (28) or K-means clustering. Here, we recom-
mend to use K-means clustering because it is much faster
than GMM and suitable for the first-round analysis of large
datasets. This process efficiently distinguishes informative
features from noise and generates ‘entropy subspaces’ with
varying sizes and amounts of cell group information (Sup-
plementary Figures S1-S4).

The entropy of a subspace reflects the degree of chaos
of cell distributions within it. In detail, the cells form dis-
tinct groups, and the more concentrated in the groups, the
smaller the entropy. There is no distinct division of the cells,
the greater the entropy. Only subspaces with low entropies
are selected as informative and used for the downstream
analyses. Such a pre-filtering step avoids the interference
of high-expressed but low-informative features or dropouts,
which is common in traditional feature selection strategies.
After noise reduction, cell clustering is conducted on the se-
lected low-entropy subspaces individually (Figure 1B).

After clustering within subspaces, a consensus cluster-
ing strategy (Figure 1C) is applied using the integrated dis-
tance matrix and the consensus-factor matrix. In order to
capture distance information of subspaces, an integrated
matrix is produced by combining the distance matrices of
the selected low-entropy subspaces. To highlight the con-
sistency between low-entropy subspaces, a consensus-factor
matrix is produced by comparing the clustering results of
the selected subspaces. By integrating the distance matrix
and the consensus-factor matrix, we can capture compara-
tive information between subspaces and the noise-reduced
signal within individual subspaces (Supplementary Figure
S5). The difference comparison between ENCORE and
other general scRNA-seq clustering methods can be found
in Supplementary Figure S6.

Clustering of scRNA-seq data normally requires several
predefined parameters and many of them are default pa-
rameters. ENCORE requires the optimization of two pa-
rameters for best performance. One parameter is ‘k’, which
is required to define the cell groups in the ‘spectral cluster’
mode for clustering in subspaces (see methods). The other
parameter is ‘c’, which is required to determine the sub-
spaces with lowest entropies for consensus clustering. In or-
der to simplify and optimize parameter selection, an auto-
matic process is embedded in ENCORE for the selection of
‘)’ and ‘¢’. This process is designed based on the assump-
tion that optimal parameters will lead to optimal marker
identification. Thus, ENCORE selects the parameter val-
ues for which the marker identification process achieves the
highest two internal scores (IAUC _scorel: Equation 2 and
IAUC score2: Equation 3, represent the totally resolution
of group markers, see Materials and Methods). The output
of ENCORE is the clustering result with the best represen-
tative markers for each cell group.

Performance evaluation and comparison with existing algo-
rithms

In order to benchmark ENCORE, we evaluated its feature
selection and noise reduction power on 12 standard datasets
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Figure 1. A schematic representation of ENCORE’s method. (A) Subspace separation. Given a gene expression matrix as input, ENCORE assigns features
to different subspaces using density-profile identification and clustering. (B) Clustering in subspaces. ENCORE calculates the entropy of each subspace
to evaluate cell group information and performs unsupervised clustering in low-entropy subspaces. (C) Consensus clustering. ENCORE learns a strong
informative similarity matrix by using similarity and cell group information from selected low-entropy subspaces. ENCORE then applies the learned
similarity to finalize cell visualization, cell clustering and group marker identification. Here, cell; and cell; are represent the ith and jth cells in the expression

matrix. JAUC represent the defined resolution of markers in ENCORE.

with 49-3918 cells and a big dataset with >60 000 cells. At
first, we produced density profiles for each sequenced fea-
ture and then tested the subspace separation function of
ENCORE on these datasets. ENCORE generated multi-
ple subspaces for dataset containing either low (Figure 2A,
Supplementary Figures S2-S4) or high (Figure 2B) num-
ber of cells. By calculating the parameter ‘entropy’ (detailed
in Materials and Methods, Equation 1), ENCORE recog-
nized low-entropy subspaces from either small (Figure 2A)
or large (Figure 2B) datasets. The low-entropy subspaces
achieved in this stage were used for the downstream analy-
sis.

Then we tested the performance of ENCORE on feature
selection. For traditional algorithm like Seurat v3, the fea-
ture selection is a process of picking up features with an ar-
bitrary cut based on coefficient of variation and mean ex-
pression (Figure 3A). The features selected by ENCORE
show widely distributed values on the coefficient of varia-
tion and mean, indicating the major difference of ENCORE
and traditional algorithm (Figure 3B, Supplementary Fig-
ure S7). Instead of using an arbitrary cut, ENCORE selects
features based on subspaces selection to identify the infor-
mative features with various expression levels. Thus, more
features were selected by ENCORE in the datasets with
higher quality. Further discussion and comparison between
the selected features of ENCORE and Seurat is in Supple-
mentary Figures S8 and S9.

To further evaluation the cell clustering accuracy of EN-
CORE, we compared cell clustering accuracy in ENCORE
and four other widely used scRNA-seq clustering methods:

Seurat v3 (6), SIMLR (7), pcaReduce (8) and tSNE (29) fol-
lowed by K-means clustering (--SNE + K-means) (30). All
these methods are integrative bioinformatics tools that like
ENCORE, which are designed to identify and visualize cell
groups and show high accuracy on cell type identification.
Specifically, Seurat was considered as the top performing
method recently (31). Twelve standard datasets with a range
of cell numbers and sequenced features were employed to
evaluate the accuracy and generalizability of these meth-
ods (Supplementary Table S1). Two widely-accepted accu-
racy measurements, Adjusted Rand Index (ARI) (26) and
Normalized Mutual Information (NMI) (24), were used
to evaluate the similarity between the predicted and vali-
dated cell populations. As Figure 4A, where the dots repre-
sent the value of (ARI+NMI)/2 for each application and
bars correspond to the median value of (ARI+NMI)/2
across the three applications, ENCORE produced higher
or comparable accuracy compared to other methods on all
datasets (Figure 4A and Supplementary Figures S10 and
S11). Then we performed t-test of (NMI+ARI)/2 values
among the five algorithms across the 12 standard datasets.
We found that ENCORE show statistically significantly
higher (NMI+ARI)/2 value than other methods (Supple-
mentary Figure S12). More importantly, there are two out-
standing features of ENCORE. First, it performed well on
datasets with fewer cells (Biase, Yan, Goolam, Engel, Dar-
manis, and Tian 297-307, Supplementary Table S1). Sec-
ond, ENCORE is stable and able to tolerate variance in
platform or normalization methods, as evidenced from its
good performance with the expression matrices from the 12



PAGE 7 OF 10 Nucleic Acids Research, 2021, Vol. 49, No. 3 el8
A Subspace 1 | | Subspace 2 | I Subspace 3 | | Subspace 4 |
40 1
° & l. * o
820 %:é ® . 2
() )
2 | g 2V . - & ° 3
» od° LN ) * . ) -9 b )
s S - e3Bies ) . - ® > =
R » L ?
-20 Coapoee ..... ‘
e °
-20 0 20 -20 0 20 -20 0 20 -20 0 20
B
Subspace 7 ” Subspace 16 | | Subspace 17 | | Subspace 34 | I Subspace 43
501 <
2
N ] (4
w 25 ()
Q
G o » 8
1 —
+
_25 4
V)
7]

50 -25 0 25 5050 25 O

25 50-50 -25 0
t-SNE 1

25 5050 -25 0 25 50-50 25 0 25 50

Figure 2. Subspace separation results of two datasets. (A) Subspace 2, 3 and 4 were identified as ‘low entropy’ subspaces for Darmanis dataset (38). (B)
Subspace 34 and 43 were identified as ‘low entropy’ subspaces for Mouse cell atlas (32). Subspaces with cells showing zero on all features in sub-expression
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Figure 3. The coefficient of variation and mean expression of features from
two datasets. (A) The selected features in results of Seurat are highlighted
in red. Here, 2000 features were selected as default. (B) The selected fea-
tures in results of ENCORE are highlighted in blue. Here, 17 525 and 1041
features were selected by ENCORE respectively.

standard datasets we used, which are from different plat-
forms with variable normalization scales.

In addition to cell clustering accuracy, we further eval-
uated the performance of ENCORE on dimension reduc-
tion and visualization. The Nearest Neighbor Error (NNE)
(7) was used for the comparison of 2D visualization results.
Compared to the four alternative methods, ENCORE pro-
duced visualization results with the lowest NNE score for
most of the datasets (Supplementary Figure S13), indicat-
ing that ENCORE has more accurate distance learning and
transformation than the alternatives. As shown in the 2D
visualization plots, ENCORE produces clearly separated

clusters while avoiding over clustering (Supplementary Fig-
ures S14-S16). In particular, ENCORE achieves a high level
of coherence between clustering and visualization output,
compared to the other methods (Figure 4B, Supplementary
Figures S14-S17). In order to demonstrate the accuracy of
ENCORE when applied to a large dataset with lower se-
quencing depth, we also tested its performance with the
mouse cell atlas data (32) (Supplementary Note 2 and Table
S3). ENCORE was able to identify low-entropy subspaces
efficiently (Figure 2B) and produced clearly separated clus-
ters which clearly differentiated different cell types (Supple-
mentary Figure S18).

Biological application

We next evaluated ENCORE?’s ability to extract informa-
tion from a ‘hard-to-separate’ dataset by employing a pub-
lished preadipocyte dataset (Supplementary Note 3 and Ta-
ble S4). Despite the heterogeneity of preadipocytes, it is
difficult to identify clearly separated clusters and distinctly
expressed markers from scRNA-seq datasets (27,33). No-
tably, ENCORE produced clearly separated clusters with-
out over clustering (Figure SA and Supplementary Figure
S19). Markers for each cluster were selected based on the
IAUC score of individual genes (see methods). The expres-
sion of markers identified by ENCORE showed clear pat-
terns in a heatmap (Figure 5B). The top ranked marker,
Mgp from cluster 8, which has not been reported as a
marker for subgroups of preadipocyte before, was selected
to test its biological significance (Figure 5C and Supplemen-
tary Figure S20).

Overexpression of Mgp in 3T3-L1 cells does not affect
many genes related to adipogenesis, but does dramatically
increase the expression of Dio2 (Figure 5D). Dio2 is respon-
sible for converting thyroxine (T4) to trilodothyronine (T3).
Mgp has been reported as a T3-regulated gene because T3



el8 Nucleic Acids Research, 2021, Vol. 49, No. 3 PAGE 8 OF 10

>

Biase Goolam Engel Deng Darmanis

Yan
1.00
0.75 Py
0.50
[ ]
o= ] l lllll Illl Illl lll
[ ]

0.00
Patel Klein Tian 297 Tian 305 Tian 307 Tian 3918

(NMI+ARI)/2

1.00

0.75

0.50

- 1N Rl allll fa
0.00 kS e

Methods [l encore [llocareduce Bl seurat [BlsMLR Bl t-SNE+K-means

(NMI+ARI)/2

B Dataset: Darmanis
pcaReduce Seurat SIMLR t-SNE+K-means ENCORE ENCORE .
(.Dellt typtes — _ 3 3 3 Pr<1ed|cts
astrocytes s 5 . o ®

o endotl’zlelial . S E E ®2

© fetal quiescent - ) e3

o fetal replicating 8 8 ) 8 f e % (% L (% e o4
© microglia o oo ﬁ; () - s A * N o * ' ®5
@ neurons . Ty . : . # . s ®6

® oligodendrocytes L T - M. cA W) e7
e OPC PC1 PC1 SC1 t-SNE 1 t-SNE 1 t-SNE 1 e8
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treatment elevates its transcription on smooth muscle cells.
We found that Mgp upregulates the level of T3, indicating a
potential positive feedback loop between T3 and Mgp (Fig-
ure 5E). The cells in cluster 8 may play important roles in
energy homeostasis. These results reveal the capability of
ENCORE to identify marker genes with biological signifi-
cance from tough datasets.

DISCUSSION

ENCORE evaluates the informativeness of features based
on its expression density profile and selects informative
features with similar density profiles into same ‘entropy
subspace’, thus features affected by noisy are tend to be
grouped into same subspaces which will be filtered by EN-
CORE in following steps. In this manuscript, we have ver-
ified that such kind of subspace separation could identify
subspaces with distinct cell group information. In addi-
tion, a new consensus clustering method has been devel-
oped in ENCORE to intensify the consensus signal from
multi-subspaces and retains subspace-specific signals. EN-
CORE also integrates a parameter optimization process to
obtain the clustering result with the highest marker resolu-
tion. Therefore, dimension reduction, noise reduction and
feature selection of scRNA-seq data can be efficiently per-
formed to get better cell clustering as well as low-dimension
visualization results. Such a strategy may be useful for var-
ious kinds of single cell omic data. For example, the novel
subspace separation and feature selection strategy might be
also applicable for other single-cell omic data such as spa-
tially resolved single cell transcriptomic (34,35). In addi-
tion, our consensus clustering strategy can be used for inte-
gration of single-cell multi-omics sequencing data (36,37).
The proof-of-concept study of preadipocyte scRNA-seq
data generates intuitive display of clustering results and
expression map of group markers, suggesting ENCORE
might be helpful to understand otherwise hard-to-separate
dataset. The further application of ENCORE on hard-to-
separate dataset such as hepatocytes, adipocytes or pan-
creatic beta cells may advance our knowledge on these cell
types.

In addition to clustering and marker identification,
the features within informative (selected) subspaces also
contain biological information. As shown in Supplemen-
tary Figure S21, we found that pathways related to
lipid metabolism are enriched in the selected subspace of
preadipocyte (subspaces 28, 46), which is consistent with
the biological properties of preadipocytes. This indicated
that it is possible to identify the important biological pro-
cesses, which dominate the cell type heterogeneity, by sub-
space separation in ENCORE.

In summary, we have described a new method called
ENCORE for scRNA-seq analysis, which uses advanced
subspace clustering to reduce noise and improve cell clus-
tering accuracy. In comparison to existing methods, EN-
CORE has better clustering performance, accurate marker
identification and improved visualization on most datasets
with an effective subspace separation approach. Mean-
while, ENCORE is more stable and able to tolerate variance
among platform or normalization methods. The analysis of
a preadipocyte dataset suggests that ENCORE can iden-
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tify relevant information even in hard-to-separate datasets.
With the R package we provide, the community will be able
to apply ENCORE to a range of scRNA-seq datasets to
better understand biological systems.
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