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Abstract

Single-cell RNA sequencing (scRNA-seq) has revolutionized our understanding of cellular heterogeneity by providing gene expression
data at the single-cell level. Unlike bulk RNA-seq, scRNA-seq allows identification of different cell types within a given tissue, leading
to a more nuanced comprehension of cell functions. However, the analysis of scRNA-seq data presents challenges due to its sparsity
and high dimensionality. Since bioinformatics plays an important role in the analysis of big data and its utility for the welfare of living
beings, it has been widely applied in analyzing scRNA-seq data. To address these challenges, we introduce the scMUG computational
pipeline, which incorporates gene functional module information to enhance scRNA-seq clustering analysis. The pipeline includes data
preprocessing, cell representation generation, cell-cell similarity matrix construction, and clustering analysis. The scMUG pipeline also
introduces a novel similarity measure that combines local density and global distribution in the latent cell representation space. As
far as we can tell, this is the first attempt to integrate gene functional associations into scRNA-seq clustering analysis. We curated
nine human scRNA-seq datasets to evaluate our scMUG pipeline. With the help of gene functional information and the novel similarity
measure, the clustering results from scMUG pipeline present deep insights into functional relationships between gene expression
patterns and cellular heterogeneity. In addition, our scMUG pipeline also presents comparable or better clustering performances than
other state-of-the-art methods. All source codes of scMUG have been deposited in a GitHub repository with instructions for reproducing
all results (https://github.com/degiminnal/scMUG).
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Introduction

Single-cell RNA sequencing (scRNA-seq) has been applied widely
in revealing hidden gene expression patterns at single-cell level
[1-3]. Traditionally, bulk RNA-seq extracts gene expression pro-
files at sample level, which are essentially average gene expres-
sion counts of many cells [4]. Gene expressions in different cells
of a bulk sample are neither synchronous temporally nor consis-
tent spatially [5]. Accurate analysis of cellular heterogeneities is
difficult with bulk RNA-seq data [6]. scRNA-seq is a revolution
technology that enables deep investigation on gene expressions
at single-cell level [7, 8]. Different types of cells can be identified
in a given tissue, allowing us to have a deeper and a more precise
understanding of their biological roles [9, 10].

Annotating cell types based on scRNA-seq is a fundamental
task in biological and medical studies [11]. With the scRNA-seq
data, it is still difficult to annotate or discover cell types using
traditional computational methods [4]. scRNA-seq profiles are
always very sparse, usually containing over 60% zero values [12,
13]. These zero values may only be missing values, which are
dropped by the sequencing process, but not indicating a com-
pletely silenced gene. This is due to the low capture rate in the
scRNA-seq experiments. Moreover, scRNA-seq profiles are usually
high dimensional vector data with massive noises. These facts
construct a major challenge for analyzing scRNA-seq data using
computational methods.

Bioinformatics is an interdisciplinary field that plays an
important role in the study of protein targeting sequencing, drug
development, and the identification of gene functions, regulatory
elements, and functional regions [14-16]. In this emerging field,
we utilize computational tools, statistical models, and algorithms
to analyze and interpret large datasets in biological and health
sciences [17-20]. Unsupervised machine learning algorithms,
mainly clustering algorithms, have been introduced in anno-
tating or discovering different cell types from scRNA-seq data.
Traditional clustering methods do not work well on scRNA-seq
data. Efforts have been made by introducing clustering algorithm
enhancements in many ways [21-24]. For example, the SC3
constructs a consensus matrix by performing multiple rounds
of clustering on various data projections, followed by hierarchical
clustering, to enhance the robustness of the clustering [24]. Since
raw scRNA-seq gene expression profiles are always in a high-
dimensional space, autoencoders are widely applied in generating
cell representations in a lower-dimensional space. For example,
deep count autoencoder (DCA) employs autoencoders in data
preprocessing, using deep learning methods to reduce noise
and dimensionality in single-cell gene expression profile data
[25]. For another example, scBGEDA further utilizes k-means for
pre-clustering in the latent space, constructs a bipartite graph
based on these clusters, and employs bipartite graph ensemble
clustering for single-cell clustering analysis [26]. The scziDesk
model adopts a weighted soft k-means clustering algorithm in
the latent space [27]. The scMAE method introduced masked
autoencoders that are specifically designed for scRNA-seq data
to extract more information of gene-gene associations [28]. Graph
neural networks were introduced to enhance cell representations
recently. scGNN proposed a cell-cell network construction, which
was used as a basis to extract graph-based cell representations
[29]. Graph-sc constructs a gene-cell association network. Cell
representations were obtained from this bipartite graph with
graph autoencoders [30]. Existing methods provided deep insights
in applying advanced algorithms to produce cell representations,
and to produce better and better clustering results. Since

scRNA-seq data is intrinsically with a lot of noise, recent
algorithms tend to apply deep machine learning models to
denoise scRNA-seq data. Although gene-gene correlations had
been considered in existing methods [31], this information is
extracted solely from the scRNA-seq expression profiles. It
represents essentially the same information as the expression
matrix.

In biology, genes are correlated not only superficially by
their expression values, but also intrinsically by their functional
implications. Functional correlations between genes have been
explored for a very long time. It is a fundamental knowledge
that genes perform their functions in groups. Therefore, given
a cell type, we believe that a set of genes with functional
relationships must express with a correlated pattern. However,
the functional relationships between genes are still missing in
scRNA-seq clustering analysis. Databases for gene functional
modules (GFMs) have been established [32-36]. We introduce this
external information of functional relationships between genes
to filter scRNA-seq data before clustering analysis.

To this end, we propose the scMUG pipeline, which performs
scRNA-seq clustering analysis with the consideration of gene
functional correlations. The scMUG pipeline has the ability to
establish relationships between cell types and functional gene
modules. It also provides hints to find potential new cell types.
Besides, to further enhance the power of clustering algorithm, we
introduced a novel similarity measure between cells, which com-
bines a local density measure and a global distribution measure in
the latent cell representation space. As a result, scMUG provides
comparable or better clustering results than other state-of-the-
art methods. As far as we can tell, this is the first attempt to
incorporate external knowledge of gene functional relationships
in scRNA-seq clustering analysis.

Materials and methods
Dataset curation

We curated nine human scRNA-seq datasets [37-44] from
Hemberg’s collection (https://hemberg-lab.github.io/scRNA.seq.
datasets). These datasets cover a wide range of biological
diversity (brain, pancreas, liver, embryonic cells, and various
tumor microenvironments), technical heterogeneity (Smart-seq?2,
10X Genomics, and inDrop) and complexity of data (ranging
from 90 to over 8000 cells and 6-16 cell types), ensuring a
comprehensive evaluation of our scMUG pipeline. The scMUG
pipeline incorporated GFM information in human genome to
assist the clustering analysis. Since there is no clear source of
mouse GFMs, we only use human scRNA-seq dataset in this study.
We listed the number of cells, number of genes and the platforms
for obtaining the data in Table 1. We list the details of these nine
datasets in Supplementary Table S1, showing the source organ,
the platform, the number of annotated cell types, the number of
cells and the zero percentage. The Manno dataset is used as a
benchmarking dataset for the first time in developing scRNA-seq
clustering analysis pipeline. Since the number of cells of different
cell types are highly imbalanced in this dataset, we choose to
use a subset containing seven largest cell types (eProglb, eProgla,
hRgl2a, hPeric, eProg2a, eSCa, and eNb1).

Overview of scMUG

The whole pipeline of scMUG can be separated into four steps:
data preprocessing, generating cell representations, constructing
cell-cell similarity matrices, and cell clustering analysis (Fig. 1).
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Figure 1. Flowchart of scMUG. (A) Raw scRNA-seq data were preprocessed with statistical filters. Gene co-expression network was established
using filtered expression profiles. Core sub-graphs were extracted. GFMs were identified. (B) Cell representations are established by ZINB-loss based
autoencoders in every GFM, respectively. (C) Constructing cell-cell global distribution similarity matrix and local density similarity matrix. (D) Cell
clustering analysis by spectral clustering with the combination of global and local similarity.

Table 1. Summary of datasets utilized in scMUG analysis.

Dataset Number of Number of Platform
Cells Genes
Campl 777 19 020 SMARTer
Camp?2 734 18 927 SMARTer
Darmanis 466 22 088 SMARTer
Baron 8569 20125 inDrop
Li 561 55186 SMARTer
Yan 90 20 214 Tang
Muraro 2122 19 046 CEL-Seq2
Lake 3042 25051 snRNA-seq
Manno 1281 20 560 STRT-Seq UMI

GFM information was incorporated in generating cell representa-
tions. Different GFM generates different cell representations. We
introduced two cell-cell similarity matrices, the global distribu-
tion similarity and the local density similarity, to enhance the
spectral clustering algorithm.

Data preprocessing

Let XeR"*4 be the scRNA-seq gene expression matrix containing
n cells, where each cell has d gene expression values. We first
excluded those genes, which have zero expression values across
all cells. We note the number of remaining genes as d,. We
normalized the expression values in each cell as follows:

d;
yl) =In 105)(1)/2)(”-’-1 y (1)
j=1

where x;; is the raw expression value of the j-th gene in the i-th
cell, and y;; the normalized expression value of the j-th gene in
the i-th cell. We note the normalized gene expression matrix as
Y ={yijlnxdz- The scanpy package [45] was used to choose top m
highly variable genes from Y with all default parameter values.

We transform highly variable gene expression values with Z-
transformation across all cells, as follows:

Yij — Hj
Zij = Ty 2)
where
1 n
o Zyi,jv (3)
i=1

g =J %;(Ym—w)zy @

and z;; the Z-transformed normalized gene expression value of
the j-th gene in the i-th cell. We note the gene expression matrix
after all above preprocessing steps as Z. We have ZeR"*™, and
Z= {Zi,j}n xm-

Gene expression correlation network
construction

To generate cell representations, we first construct the gene
expression correlation network from matrix Z. Pearson corre-
lation coefficients were calculated between every two genes in Z.
We use ryy (U, u=1,2, ..., m) to note the correlation between the
u-th gene and the v-th gene. To correct the distribution of Pearson
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correlation coefficients, Fisher's transformation was applied, as
follows:

1 147
Puy = § In ( lAYU) ) (5)

1—ruy

where p,, is the corrected Pearson correlation coefficient. When
Ty 18 —1 or 1, a regularization factor e =10~° was used to bound
the value to —1+4¢ or 1 - ¢. Given a cutoff value ¢, if |pyy|>c, we
connect the uth and the vth gene to construct the gene expression
correlation network in a given dataset. Intuitively, all genes will be
connected in one or more isolated sub-graphs. We term the largest
sub-graph as the core sub-graph. Let ng be the size of the core sub-
graph, we have np=f(c). We scanned the value c from 1 to 0 with
a step of 0.01. The value of ng increases as c decreases. We choose
the maximal ¢ when ng > ng, where ny is the desired minimal size
of the core sub-graph. With a given ny, we find the value of c and
a set of genes in the core sub-graph.

Gene functional module expansion

We used the HumanBase [32] GFM identification service to find
primary GFMs from the core sub-graph. Due to the restriction of
HumanBase, uploading too many genes to the HumanBase online
service at once can cause it to fail. Therefore, genes in the core
sub-graph are partitioned into several batches before uploading
to HumanBase online service. Each batch contains 2000 genes
maximal. To capture GFMs that spread in more than one batch,
GFMs in each batch are collected and uploaded, respectively, again
with other batches to find complete GFMs in the core sub-graph.
Significant GFMs with similar functions are joined. We use g-value
cutoff 10~* to find significant GFMs.

Since the number of genes in one significant GFM may be too
small to guide scRNA-seq clustering analysis, we developed a GFM
expansion algorithm to expand the GFM (Supplementary Algo-
rithm 1). Let ng be the size of a GFM, ns the minimal GFM size
requirement, ¢4 a correlation cutoff value. Suppose that we have
the uth gene in a GFM and the vth gene not in this GFM. If |pyy > ¢4/,
we add the vth gene to the GFM. This procedure was executed
iteratively with adjustment to ¢, until ny > n is satisfied. We note
the number of significant GFMs as n..

Zero-inflated negative binomial
distribution-based autoencoder

In each expanded GFM, we applied zero-inflated negative
binomial (ZINB) distribution-based autoencoder to generate
gene expression representation for each cell. The autoencoder
is designed as in Fig. 1, containing seven layers. The latent layer
with 32 neurons, which was further reduced to 2-D dots by UMAP
[46, 47], was used as the cell representation. The loss function of
this autoencoder is as follows:

g
lzivg = — Zln ZINB (xi|7i, pi, 67, (6)
i=1

where Iz is the ZINB distribution-based reconstruction loss, ng
the number of genes in a GFM, x; the input expression value of the
i-th gene,

s = min (ma (exp (), 10°) ,10°), o)
6; = min (max (In (1 +exp (x/)),107%), 10%), (8)

7 = exp (x}) / (1 +exp (x))), &)
ZINB (X| 7, 1t,0) = w8(xX) + (1 — 7) NB (x|, ), (10)

I'(xX+6) ( 0 )"( w )X (1)
Frx+0Dre\o+un O+un)’

X’ the reconstructed expression value of the i-th gene, and I'(.) the
gamma function.

NB (x|, 0) =

Global distribution similarity matrix

Cell representations are used to generate global distribution simi-
larity and local density similarity matrices for clustering analysis.
Global distribution similarity was calculated by repeating n, times
k-means clustering with random initializations on cell represen-
tations in each significant GFM of every dataset.

With the c-th significant GFM, in the t-th time k-means cluster-
ing, we calculated a global score s; (i) for the i-th cell, as follows:

|d0,t,c(i) - dltc(1)|
dO,t,c(i) + dl,t,c(i) ’

St,c(i) =

where do; (i) is the distance between the i-th cell and the cluster
center it belongs to in the t-th time k-means clustering, and d1 ;.(i)
the distance between the i-th cell and the closest cluster center it
does not belong to in the t-th time k-means clustering. We have:

ne n
>3 s (sl (t,0)

So (I,)) = e=tt=l o , (13)

where so(i, j) is the unnormalized global distribution similarity
between the i-th and the jth cell, n. is the number of GFMs as we
have mentioned,

1 1(,tc)=1(,tc)

lii (t,0) = .
= 60 0 Otherwise

: (14)

and I(itc) the clustering label for the i-th cell in the t-th time
k-means clustering with regard to the c-th significant GFM. We
further normalize the so(i, j) as follows:

55 (ij) = migso (i), (15)

where

my = }%ZZSO (i.j)- (16)

i=1 j=1

The optimal k value was obtained on each dataset respectively by
trials.

Local density similarity matrix

Let Ni(c,i) be the set of k nearest neighbors of the i-th cell with
regard to the c-th GFM. We calculate the average distance of the i-
th cell to every cell in Ni(c,1) using genes in the c-th GFM, as follows:

1
dc,i: E Z dc,i,ty (17)

teNg (ci)

where d.;; is the Euclidian distance between the i-th cell and the
t-th cell, which belongs to the set Ni(c,i). By default, we set k=3.
For the i-th and the j-th cells, a local density score is calculated
as follows:
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Figure 2. (A)—(I) Degree distribution of the core sub-graph in each dataset. The horizontal axis is the degree. The vertical axis is the number of nodes

with the corresponding degree.

We also calculate the local dispersion measure as follows:

¢ (c,i)=,[In ( var dei; + e),
teNy (1)

where “var” is to calculate the variance of k distances, and e a
regularization factor to ensure ¢(c,i) > 1.
The local density similarity is generated as follows:

sq (1,j) = max M
a (1)) = c ((p(C,O‘ﬂ(Cvj))'

(19)

Clustering analysis

We combined the global distribution similarity and the local
density similarity together, as follows:

s (i,)) = asq (i,)) + Bsa (i,)) , (21)
where «, and B are parameters for generating a linear combina-
tion. A spectra clustering was performed on S ={s(i, j)}» x n to output
the final clustering results. The ARI (Adjusted Rand Index), NMI

(Normalized Mutual Information), and ACC (Clustering Accuracy)
are used as performance measures [48].

Parameter settings

The parameters in our study are set as follows: m =8000, ng = 5000,
n, =20, ng=3000, ZINB distribution-based autoencoder contain
seven fully connected layers, the dimensions of every layer are
ng, 512,128, 32,128, 512, and ng, respectively. The learning rate is
10%. The epoch is 50. We use the Adam optimizer. The first three
layers incorporates a Gaussian noise with standard deviation
0.15. The @ and B are chosen from nine combinations: {(0, 1),
(1073, 1), (1072, 1), (0.1, 1), (1, 1), (1, 0.2), (1, 1072), (1, 1073), (1, 0)}.
The best performed combinations on every dataset are listed as
Supplementary Table S2.

Results and discussions

Statistical attributes of the core sub-graph and
GFMs

We established gene-gene co-expression network on each dataset.
The core sub-graph was extracted on each dataset, respectively.
We explore the properties of the core sub-graph of each dataset.
The degree distribution of the core sub-graph was illustrated in
Fig. 2 for each dataset, respectively. It is interesting to see that
these distributions are not exponential distributions. Exponential
distributions are constantly reported in many literatures study-
ing gene co-expression networks [49-51]. Considering that we
restricted the size of core sub-graphs, the cutoff value c is smaller


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf138#supplementary-data

6 | LiangandDu
A B . .
A Yan (B) Li © Darmanis
8000 . "I 2000 8000 "I 600 8000 "t 500
ny — —_—n
\ avg.deg \ avg.deg \ avg.deg
6000 1500 6000 450 6000 375
on on on
S \ 3 < \ \ 3 S \ \ 3
< 4000 \ \ 1000 5 < 4000 300 5 < 4000 \ 250 5
> > >
< < <
2000 \\ 500 2000 150 2000 \ 125
0 0 0 0 0 0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
€ c c
D E F
D) Campl (E) Camp2 ® Baron
8000 P -+ 500 8000 j o I 300 8000 o - 1300
\ avg.deg avg.deg ‘ avg.deg
6000 375 6000 \ 225 6000 975
on on on
\ 3 \ \ 3 \ <
< 4000 250 5 < 4000 150 5 < 4000 650 5
> > >
2000 \\ 125 2000 L 75 2000 325
0 \ 0 0 \ 0 0 0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
é c c
G H I
@ Muraro (H) Lake ® Manno
8000 . -F 3500 8000 . - 400 8000 - 500
o o Ny
ﬂ avg.deg \ avg.deg A —— avg.deg
6000 2625 6000 | 300 6000 375
on on on
\ \ 3 \ \ ] \\ 3
< 4000 \ 1750 5 < 4000 \ \ 200 35 < 4000 \ 250 5
> > >
< < <
2000 875 2000 \l 100 2000 125
0 0 0 0 0 0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 0.8 1.0

c

c

c

Figure 3. (A)—(I) The size of the core sub-graph and the average degree in the core sub-graph with different cutoff value c on each dataset, respectively.

than most studies concerning gene co-expression networks [51-
53]. This makes our core sub-graphs more like a complete graph.
Therefore, the number of nodes with low degree numbers is small.
Intuitively, our degree distributions seem like Beta-distributions.
Since this does not affect other analysis in our study, we did not
make statistical test on this observation.

We also explored the relationship between the cutoff value ¢
and the size of the core sub-graph. Without the restriction of ng,
the relationship between c and np are illustrated as Fig. 3. In Fig. 3,
we also illustrated the relationship between the average degree
of the core sub-graph and c. In every dataset, the ng curve shows
a cliff edge when c reaches some value. This is in line with the
distribution of correlation coefficients (Supplementary Fig. S1).
Most correlation coefficient values fall in a small range around
zero. When the cutoff value c is beyond this range, the co-
expression network collapsed quickly, making no a very small
value. As a consequence, the whole network breaks into many
very small pieces. Each piece contains very small number of
nodes, which is less than four in most cases. Therefore, the
average number of degrees also drops drastically. These observa-
tions guided us to choose the hyper parameter values as we have
mentioned.

Clustering performance analysis

We evaluate clustering performances of scMUG on 9 datasets, as
listed in Table 1. The performance of scMUG was measured by

three indicators, including ARI, NMI, and ACC. We compared the
ARI, NMI, and ACC performance values with other state-of-the-
art clustering pipelines for scRNA-seq data, including scBGEDA
[26], scziDesk [27], scDeepCluster [54], scGMAI [55], DCA [25],
CIDR [56], SC3 [24], Scanpy [45], and Seurat [57] across all nine
benchmarking datasets (Fig. 4 and Tables S3-S5 in Supplementary
Materials). Ten random seeds (1111, 2222, ..., 9999, and 10,000)
were applied globally in our study to validate the robustness of
clustering results. The results are reported as the median value
with different random seed settings. Performance differences
were measured statistically (P-value in z-test, one-tail, Tables S6-
S8 in Supplementary Materials).

Since we applied spectral clustering algorithms in our studies,
the cluster number is a parameter that should be set. We reported
and compared performances with the cluster number that gener-
ates the best NMI value. The number of clusters was scanned from
5 to 20 with a step of 1. Given the best cluster number, scMUG
achieved the best NMI on 5 of 9 datasets (Li, Yan, Camp1, Baron,
and Manno), and second to the best NMI on two others (Darmanis
and Muraro). It also achieved the best ARI on 5 of 9 datasets (Li,
Yan, Baron, Lake and Manno), and second to the best ARI on two
others (Camp1 and Muraro). Particularly, it has constant superior
performance on the Li dataset and the Yan dataset. Since scMUG
incorporated GFM information in clustering, it looks like that a
larger set of genes and a lower zero value percentage in the raw
dataset help in improving its performances.
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Figure 4. The ACC(A), ARI(B), and NMI(C) performance values compared
with other state-of-the-art clustering pipeline for scRNA-seq data. The
depth of color represents the index value, and the size of the circle
represents the index rank.

To further visualize the comparison, we produced UMAP 2-
D scatter plot of the cell representations with different meth-
ods in comparison on every dataset in this work (Fig.5 and
Supplementary Fig. S2). Intuitively, on the Li dataset, scMUG pro-
vides the largest margin between different cell types. On the Baron
dataset, although scMUG has poor separation between ductal
and acinar cells, which is similar as all methods in comparison,
it provides the best separation intuitively between all other cell
types, particularly the alpha, beta, delta, and gamma cells. On
the Manno dataset, largest margin between hrgl2a and hperic
cells was achieved by scBGEDA. However, it sacrifices the margin
between eprog2a, eproglb, and eprogla. Therefore, intuitively, the
most balanced margins between cell types are still provided by
scMUG.
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We evaluated the running time of scMUG and other state-of-
the-art methods in comparison. With the same dataset, on the
same platform, the wall-clock running time of scMUG increases
approximately linear along with the number of cells (Fig. 6(A)).
We summed up the running time of all benchmarking dataset
(Fig. 6(B)). The total running time of scMUG seems to be slightly
longer than some of the other state-of-the-art methods. This is
due the incorporation of GFMs. scMUG performs clustering anal-
ysis with each GFM respectively. The final results are generated
after all these clustering procedures. Therefore, the total running
time of scMUG is the number of GFMs times its running time for
the clustering procedure. Even with this disadvantage, the total
running time of scMUG is still in a comparable range to most of
the methods in comparison.

Cluster numbers and performances

Since clustering analysis aims at revealing the composition
of cells and finding novel cell types, it is interesting to see
what will happen if we have different settings of cluster
numbers. We tried different values of clusters from 5 to 20
(Supplementary Tables S9-S11 and Supplementary Figs S3-S5).
In 5 of 9 datasets (Camp2, Darmanis, Li, Yan, and Manno), we
find that the best clustering performances were achieved when
the number of clusters matches the true number of cell types.
In three other datasets (Baron, Lake, and Muraro), we find that
the best clustering performances were achieved when the cluster
number was set less than the true number of cell types. Only in
the Camp1 dataset, we see that the best clustering performances
were achieved when the number of clusters is larger than the true
number of cell types (Table 2).

To further investigate how cluster numbers affect clustering
performances intuitively, we use the similarity matrix as equation
(21) to produce UMAP scatter plot (Supplementary Fig. S6). In
most cases, the intuitive number of clusters has no relationship
with the settings. When we set the number of clusters as equal
to the intuitive number of clusters, scMUG achieved the best
performances. However, this intuitive number of clusters is not
necessarily to be the true number of cell types. This may attribute
to the unannotated cell types in these datasets. For example,
in the Campl dataset, we see that no matter how we set the
desired number of clusters, cells are clustered intuitively into
nine clusters, rather than seven, which is the true number of cell
types. The endothelial cell and the mesenchymal stem cell are
both clearly separated into two clusters. This observation implied
that these two cell types may have sub-cell types that have not
been clearly annotated, which worth further investigation in life
science. For another example, in the Lake dataset, the cells are
better clusters when the number of clusters was set to 6, rather
than 16, which is the true number of cell types. Intuitively, the
ex1 cells are packed as a very tight ball, when the number of
clusters was set to 6. However, it is expanded to a much wider
range when the number of clusters was set to 16. This expansion
reduces clustering performances.

GFM choices and margins between different
types of cells

We incorporated the GFM information in scMUG. All above
results are obtained by using all significant GFMs, which we
have detected in a core sub-graph in the co-expression network.
Supplementary Fig. S7 provides details on how GFM is related to
clustering results. In Supplementary Fig. S7, each panel presents
a UMAP scatter plot of cell representations of a specific GFM
on a given dataset. The details of the GFM can be found in
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Figure 5. The UMAP scatter plot from the 32-D cell representations of scMUG and five other state-of-the-art methods in comparison. We obtained the
cell representations of each method by using their own cell representation generation method. Cell representations of each method were respectively
reduced to 2-D by UMAP for visualization. Each color denotes a specific cell type across all methods in comparison in a given dataset. Due to the
restriction of pages, we present comparisons on five datasets (Li, Baron, Camp1, Muraro, and Manno). Figure S2 in Supplementary Materials presents
the comprehensive comparisons.
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Figure 6. Comparison of running time (A) and total time cost (B) between scMUG and other clustering methods on datasets with varying cell numbers.

Table 2. Number of cell types and optimal clustering numbers of each dataset.

Dataset Yan Li Darmanis Campl Camp2 Baron Muraro Lake Manno
True? 6 9 9 7 6 14 9 16 7
BestP 6 9 9 9 6 8 7 6 7

aTrue: the number of cell types that are already annotated in the dataset. PBest: the number of clusters produce the best NMI value.
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Figure 7. The performance comparison of scMUG with and without GFM
information measured by ARI (A), NMI (B) and ACC (C).

Supplementary Table S12. Each GFM provides a functional view of
the clustering results. Different cell types have different separa-
tions and margins between them with different GFMs. This is like
viewing the high dimensional clustering results from different
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angles, where each angle is related to a specific set of gene
functions. For example, on the Li dataset, we see that k562 cells
and gm12878 bl cells have a minimal margin, if the first GFM
is chosen. This GFM is related to the blood vessel development
or anglogenesis. Therefore, scMUG provides a hint that k562
cells and gm12878_b1 cells may have similarly roles in blood
vessel development or angiogenesis functions. On the second
GFM panel, genes are functionally related to cytokine-mediated
signaling pathway. The k562 cells and gm12878 bl cells are
separated, indicating their cytokine-mediated signaling pathway
may function differently. In the meantime, the gm12878_b1 cells
become very close to gm12878 b2 indicating they may share
common gene expression patterns in the cytokine regulation
pathways. This kind of observation happens in many cases in
our study. We believe that scMUG may provide an opportunity
to reveal hidden cell types from scRNA-seq data, which can be
separated with others in gene functional contexts.

Since we combined all significant GFMs in performance com-
parisons against other state-of-the-art methods, it is interesting to
see if there is any difference between our results and the results
without any significant GFM identification. Figure 7 presents the
performance comparison of scMUG with and without GFM infor-
mation. In 6 of 9 datasets (Yan, Li, Darmanis, Camp1, Camp?2,
Lake), combined GFMs improved the clustering performances,
while no significant performance improvement can be observed
in other three datasets (Muraro, Manno, Baron). Therefore, the
GFM information is helpful in clustering scRNA-seq data. How-
ever, this effect is not consistent across all datasets.

Similarity measures and clustering
performances

We proposed global distribution similarity and local density simi-
larity measures to enhance normal spectral clustering algorithms.
Both similarity measures are used to establish distance matrix
in the spectral clustering between cells. We compared spectral
clustering result with and without these new similarity measures.
Figure 8 provides the ARI, NMI, and ACC violin chart of scMUG on
all datasets in this work. The combination of the global distribu-
tion measure and local density measure usually provides more
robust more consistent and better performance values.

To further visualize the impact of global distribution simi-
larities and local density similarities, we use them separately
as the similarity matrix between cells. UMAP scatter plots were
produced from these similarity matrices (Supplementary Fig. S8).
Intuitively, the global distribution similarity only provides a very
tight clustering results, while the local density similarity results
spread to a much larger field. For example, in the Baron dataset,
the global distribution similarity mixed the acinar and ductal
cells as a very tight ball. However, the local density similarities
correct this by expand that pack. The combination of the global
distribution and local density similarity finally provides the best
separation.

Batch effects in datasets

We used three publicly available human pancreas datasets
(CelSeq [58], CelSeq2 [38], and SMART-Seq2 [59]) to explore the
behavior of scMUG on a dataset with explicit or hidden batch
effects. The explicit batch effects were tested by merging the
three datasets directly, without any correction. The hidden batch
effects were simulated by merging the three datasets and correct
the batch effects before scMUG pipeline by using one of the
three common correction methods (Combat [60], Harmony [61],
and Scanorama [62]). Scatter plots was generated by UMAP for
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visualization (Supplementary Fig. S9). In the input data before
scMUG processing, the explicit batch effect is easy to be observed
(Supplementary Fig. S9(A)). Although the correction algorithms
reduced the batch effect, scatter plots still present separations
between batches (Supplementary Fig. S9(B)—(D)). After the scMUG
autoencoder, it seems that the dots of different colors are
stirred to mix better, indicating scMUG autoencoder can partially
correct batch effects (Supplementary Fig. S9(E)-(H)). However,
after measuring the similarity by the local density or global
distribution similarities (Supplementary Fig. S9(I)~(P)), the hidden
batch effects may be revealed again. Intuitively, when using local
density similarities, cells from the same batch tend to cluster
more tightly, forming segments inside a single cluster. When
using global distribution similarities, the batch effects are mostly
corrected. Since we did not design scMUG to process datasets
with batch effects, we did not optimize scMUG for this purpose.
Datasets with batch effects should be better corrected by other
software before entering scMUG.

Identifying rare cell types in a dataset

We took the Baron dataset to investigate scMUG's ability to iden-
tify rare cell types. In the Baron dataset, there are 7 T cells and
25 mast cells, composing 0.04% and 0.2% of the whole dataset,
respectively. In our results, both types forms clusters that can
be separated from other cells. To further investigate how GFMs
affect this result, we introduced small fluctuations (—0.02, —0.01,
0, +0.01, +0.02) to the expression correlation cutoff value ¢, so

that GFMs with different sizes can be generated without restric-
tions. When ¢, increases, the GFM size decreases. The cluster of
these two rare cell types becomes more distant to other cells
(Supplementary Fig. S10(A)—(E)). Therefore, scMUG identify rare
cell types better with smaller GFMs.

Separating similar cells with different functional
state

We took the dataset from literature [63] to see if scMUG can sepa-
rate similar cell types with different functional state. The sSCRNA-
seq expression matrix was downloaded from GEO database (GSE
120575). The cell type labels, which were generated from k-mean
clustering and marker gene patterns, were obtained from litera-
ture [63]. We focused on separating the effector and exhausted T
cells. The GFMs were obtained using the same algorithm as all of
our benchmarking dataset. We introduced the small fluctuations
(—=0.02, -0.01, 0, +0.01, +0.02) to the expression correlation cutoff
value ¢4, so that GFMs with different sizes can be generated.
We optimize scMUG with different GFM sizes. Although margins
between clusters are wider than the original report, the effec-
tor and exhausted T cells were still intuitively not separated.
They form two segments in a single cluster rather than two
clusters (Supplementary Fig. S10(F)—(])). These observations are in
consistent with the original report [63]. Therefore, scMUG does
not separate similar cells, like effector and exhausted T cells,
better than other simple methods. However, with a closer look at
Supplementary Fig. S10(F) and (J), we can have a vague impression
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that the boundary between the two cell types seems to be clearer
when a larger GFM was introduced. Therefore, we believe that
separating similar cells, like the effector and exhausted T cells, is
a difficult task to scMUG. With the help of introducing sufficient
gene functional information in scMUG, the results may be slightly
improved.

Ablation study

We explored the usefulness of three components in scMUG, the
clustering method, the ZINB distribution-based loss function, and
the co-expression inference algorithms.

We switched the clustering algorithm in scMUG to BGEC (Bipar-
tite graph ensemble clustering) [26], Louvain [64] and Leiden [65].
In the comparison, scMUG’s clustering algorithm achieved better
or comparable performances across all datasets in this work
(Fig. 9), supporting the design of scMUG's clustering algorithm.

dataset with different clustering algorithms (BGEC, Louvain, and Leiden)
NB, and MSE). The ARI (G), NMI (H), and ACC (I) of scMUG on each dataset

We tried to use different loss function in training the autoen-
coder. The ZINB distribution-based loss function is compared to
the NB (Negative Binomial) distribution-based loss function and
the normal MSE (Mean squared error) loss function. The ZINB and
NB distribution-based loss function produce consistent advantage
over MSE loss function across all datasets in this work (Fig. 9).
Although the margins are small, ZINB distribution-based loss
function performed better than the NB distribution-based loss
function on most datasets. This is in line with the fact that sScRNA-
seq data is better modeled with a zero-inflated distribution.

We replaced the co-expression network in scMUG with the
co-expression networks that were generated by CS-CORE [66]
and locCSN [67]. Figure 9(G)—(I) compared the clustering perfor-
mances of scMUG with three different co-expression networks.
scMUG with its original co-expression network performs better
on the Li and Yan datasets. scMUG with the CS-CORE network
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performs better on the Campl and Camp?2 datasets. scMUG with
locCSN network shows better results on the Lake dataset. On
other datasets, all methods deliver comparable results. On the
other hand, scMUG with the CS-CORE network performs poorly
on the Lake dataset. scMUG with the locCSN network shows lower
performance on the Yan, Campl, and Camp?2 datasets. Overall,
scMUG with its original co-expression network presents the most
robust performance across all datasets.

Parameter optimization strategy

There are many parameters that can be adjusted in running
scMUG. We studied the impact of these parameters, including co-
expression cutoff for GFM (¢,), number of GFMs (n.), k-means times
(nk), neighborhood number (k), weight of global distribution simi-
larity (@), and weight of local density similarity (8) (Tables S13-S17
in Supplementary Material). The whole combinatorial space of
these parameters is huge, which is impossible to be enumerated.
When adjusting one parameter, all other parameters are set to
default values as we have stated. We suggest users of scMUG
apply a similar strategy to manually optimize parameters on each
individual dataset for each clustering task.

In the process of parameter optimization, we have several
empirical observations. Given a desired clustering resolution, we
find that the impact of ¢4, n and k is minimal for clustering perfor-
mances. However, when the clustering resolution is increased, a
lower ¢y and a lower k are helpful in identifying tiny discrepancies
between cells. We also find that n. affects the performances
to an unignorable level. More GFMs are more likely to produce
better and more robust clustering results. Another observation
is that the o and B values should be related to the shape of
clusters in UMAP visualization. If the visualization shows clusters
in a curvy shape like a swiss-roll or arcs, a larger B is likely
to give better results. This also applies when sizes of clusters
vary in a large range. When visualization gives vague boundary
between clusters, « should be increased. Therefore, starting from
some default values, and let the visualization to guide a manual
optimization on « and g may be the best choice. In addition, by
sacrificing performances, reducing n., n; and forcing «=0, will
significantly accelerate scMUG pipeline. This may be useful on
resource limited platforms. Users of scMUG can choose their
parameter optimization strategy based on our experience.

Conclusions

We proposed the scMUG method for scRNA-seq clustering anal-
ysis. The scMUG method utilized gene functional correlations to
filter gene expression profiles. Functionally correlated genes are
collected as the basis for further clustering analysis. We proposed
a novel similarity measure, combininglocal density similarity and
the global distribution similarity, as the cell-cell similarities in the
clustering process. The dimensionality reduction and visualiza-
tion of the single-cell sequencing data using scMUG revealed clear
and distinct clusters. Incorporating GFM and similarity measures
into scMUG can effectively enhance the clustering performance.
Comparison analysis support that scMUG has a comparable or
better performance than state-of-the art methods. Our experi-
ments show that scMUG can partially correct batch effects in
datasets, butitis recommended to apply other batch effect correc-
tion methods before using scMUG. Additionally, scMUG is effec-
tive at identifying rare cell types in a dataset, particularly when
smaller GFMs are used. However, separating similar cell types, like
effector and exhausted T cells, remains a challenge for scMUG,
although using larger GFMs may help improve separation. Based

on the observation on clustering details, scMUG has the potential
to discover hierarchical structures in the scRNA-seq dataset. It
is capable of finding hidden cell types that are characterized by
special gene functional groups. We hope that scMUG can be a
helpful tool in single-cell life sciences.

Key Points

e The scMUG pipeline is the first attempt to integrate gene
functional relationship in scRNA-seq clustering analysis.

¢ Anovel cell-cell similarity measure is proposed by com-
bining both local and global statistical features of latent
cell representations.

e Evaluation results support that the scMUG pipeline can
reveal hidden cell types that are related to specific gene
functional groups from scRNA-seq data.

Supplementary data

Supplementary data is available at Briefings in Bioinformatics
online.
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