Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 September 2022

Bioinformatic Methods for Identifying Differentially Abundant Subpopulations in

scRNA-seq Data

Giona Kleinberg*, Ashwini Shinde!, Sai Batchu?, Michael Joseph Diaz?, Kevin Thomas Root?,

Brandon Lucke-Wold*

Northeastern University, Boston, MA, United States
’Montville, NJ, United States
3University of Florida, College of Medicine, Gainesville, FL, United States

‘Department of Neurosurgery, University of Florida, Gainesville, FL, United States

*Corresponding author

Brandon Lucke-Wold MD, PhD, MCTS
Department of Neurosurgery
University of Florida

Brandon.Lucke-Wold@neurosurgery.ufl.edu

Abstract

Single-cell RNA sequencing data facilitates investigation of cell heterogeneity and
subpopulations as well as differentially abundant states however modern single-cell RNA
sequencing datasets are growing in size and complexity requiring advances in the bioinformatic
methods that analyze them. Many methods exist for each step of analysis including read
alignment, normalization, quality control, batch effect correction, imputation and dimensionality
reduction. With so many options to choose from at each step of the analysis, benchmarking and

a synthesis of the literature on the methods available is necessary to inform biological
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researchers on the most optimal workflow for their data. Here, recent key methods of analysis
are highlighted with a focus on methods that facilitate identification of cell subpopulations and
differentially abundant cell states. With a constantly expanding toolset for each step in single-
cell RNA sequencing dataset analysis, biological researchers should stay informed to utilize the

most applicable methods for their own analyses.
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Introduction

Single-cell RNA sequencing (scRNA-seq) technology allows the investigation of the state of
individual cells at high resolution. Single cell transcriptomes and other scRNA-seq datasets are
rapidly increasing in quantity and complexity due to advances in scRNA-seq technology with
modern datasets having thousands of features and millions of cells.l*! Existing methods of
analysis of sSCRNA-seq data are abundantly available and have been benchmarked
periodically.”-* Methods of analysis are developed quickly and frequently to complement the
growth of single-cell transcriptome generation which despite frequent benchmarking, results in
many modern bioinformatic methods not being discussed in current reviews hindering their

immediacy and impact.

Selection of the ideal method of sScRNA-seq analysis is informed by the characteristics and
specifics of the dataset being analyzed as well as the hypotheses being tested. Due to the large
guantity and complexity of bioinformatic methods available, this selection is not always

straightforward, especially for biological researchers without a computational background.
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The large quantity of bioinformatic methods for scRNA-seq data analysis requires a review to
allow researchers to more rapidly find the best method of analysis for a given dataset. Here,
such a review is provided highlighting the standout modern methods available, comparing their
usability and unique features, and identifying areas of analysis that could benefit from further
method development. A specific focus is given to methods of identifying differentially abundant
cell populations due to the great utility such analysis can provide when investigating cell

heterogeneity.

Materials and Methods

The initial literature search was conducted using the PubMed Advanced Search Builder with
MeSH keyword searches in order to identify modern methods of analysis. To investigate the
current bioinformatic methods of sScRNA-seq analysis available, the search term “scRNA-seq”
AND “data analysis” was used which gave 185 results of which 20 were selected. Next, to place
an emphasis on methods identifying differentially abundant cell populations, the search term
"ScRNA-seq" AND "subpopulations” was used which yielded 226 results of which 41 were

selected.

Inclusion criteria involved full-text articles primarily consisting of bioinformatic methods,
technique applications, meta-analyses, and reviews published within the last 10 years. All
articles selected were written in the English language and published in the United States. To
increase the accuracy of the information synthesized and to maintain integrity in the review of
the literature, non-peer-reviewed articles were excluded (as determined by authors GK and AS).
Any discrepancies in eligibility determinations were discussed openly and resolved by authors

MD and SB.

Results
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Expression and Read Alignment

Before cell subpopulations can be identified in an scRNA-seq analysis, several steps must be
completed. The most common first steps in bioinformatic pipelines for scRNA-seq data analysis
are expression and read alignment, quality control, and normalization. Methods for completing
these steps are well established and benchmarked although there are always new techniques

that increase efficiency, accuracy, and resolution. 8

Quiality of scRNA-seq data is variable and quantified by the mapping ratio of reads. Mapping
tools that can provide this quantification are plentiful as scRNA-seq and bulk RNA-seq usually
sequence transcripts as fastq formatted reads.[” 8 Since there is no difference in read
alignment, bulk RNA-seq mapping tools can also be applied to scRNA-seq data.l®! Some tools,
such as Scissor or Digitaldlsorter integrate bulk expression data with scRNA-seq data to link
phenotypes to cell subpopulations.® 1! The integration of bulk RNA-seq and scRNA-seq
analysis methods provides a comprehensive set of tools for read alignment in this way. Popular
alignment methods such as TopHat2, HISAT, and STAR are well benchmarked and used
widely.!*2-14 Compared to each other, HISAT is the fastest, followed by STAR and then TopHat2

although STAR uses much more memory since it is suffix-array based.

For expression quantification, the standard methods used for genome-guided assembly include
Cufflinks, Stringtie, and RSEM with Pertea et al. stating that StringTie performs the greatest.[*>
17 Methods that do not require a reference genome (De novo) are typically lower accuracy and
therefore are primarily applied only to organisms that do not have a reference genome

available.®!

Quality Control and Normalization
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Quiality control is very important as even in the most sensitive protocols, dropout events
(transcripts that cannot be detected) are common generating low-quality data. Dead, mixed, or
broken cells often lead to misinterpretation of data in downstream analysis when they are not
identified and accounted for early on which, especially in clinical applications, could have
disastrous consequences.!*2 Some commonly used methods of quality control include Scater
and SinQC.[??>-24I Data must also be normalized before downstream analysis in order to adjust
for technical biases and noise which are inherent to sScCRNA-seq data due to the challenging
protocol and low starting materials of the scRNA-seq procedure.?> Popular approaches for
normalization of bulk RNA-seq data including DESeq2 and trimmed mean of M values (TMM)
can be applied to scRNA-seq datasets as well.1?®: 271 Methods designed specifically for sScRNA-
seq data have also been designed due to the large amount of zero-expression values and
variation present in SCRNA-seq data. Some of the more popular methods include SCnorm and
SAMstrt but there are many more approaches available.?® 2l Computational workflows for
guality control and normalization are also available online using tools such as Bioconductor

which is a relatively accessible option for low level sScRNA-seq data analysis.%

Imputation

Failed RNA amplification during scRNA-seq can cause missing values and dropouts within a
dataset.Y Imputation methods such as CMF-Impute allow for accurate correction of these
dropout entries for sScRNA-seq expression matrices.®? Another cell subpopulation based
bounded low-rank (PBLR) method for scRNA-seq data imputation was proposed by Zhang et Al.
which takes into account the high heterogeneity of sScRNA-seq data and the effect of gene
expression levels on dropout events. PBLR can effectively recover information hidden by

dropouts as well as identify cell sub-populations.®
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Batch Effect

Due to the increasing use due to decreasing cost of scCRNA-seq, the quantity of SCRNA-seq
datasets available is getting larger allowing many studies to investigate the transcriptomes of
large amounts of cells. As a result, batch effect is an increasing issue due to technical variation
in scRNA-seq procedures, environment, and time.?* Systematic error is introduced as a result
of this effect which can cause misinformed conclusions after downstream analysis. Many

methods have been proposed to handle such an effect.

The k-nearest-neighbor batch effect test (kBet) was developed specifically for detecting batch
effects in scRNA-seq data. The knn batch effect test uses repeated y--tests to compare the
batch label composition of random local cell neighborhoods with global composition and output
a rejection rate of the hypothesis (both batch compositions are the same).® Unlike methods of
guality control and normalization, many batch correction methods using linear regression were
designed with bulk RNA-seq in mind and assume that in each batch the cell population
composition is identical, which is not usually the case in sScCRNA-seq data. Using the difference
in expression of mutual nearest neighbors (MNNSs) between batches can provide an estimate of
the batch effect that can be honed by averaging across many MNN pairs.¢ Other tools such as
Seurat allow for the alignment of different SCRNA-seq datasets through integration based on

common sources of variation within the datasets.*

Dimensionality reduction

Deep learning methods are frequently used however often struggle to cluster the high
dimensional and increasing size of modern scRNA-seq datasets.*-*% The most widely used
linear dimensionality reduction algorithm is the PCA (Principal Component Analysis). Significant

principal components can be used for nonlinear dimensionality reduction and to dependably
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indicate sources of heterogeneity in a dataset.[*? Another popular yet nonlinear dimensionality
reduction method is the Uniform Manifold Approximation and Projection (UMAP) method. UMAP
preserves the local data structure as well as the global structure, surpassing the alternative t-
Distributed Stochastic Neighbor Embedding (t-SNE) method with the ability to preserve the
global structure of the data and a shorter run time for very large-scale scRNA datasets.! "
Recent tools such as DivBiclust, PanoView, and scziDesk have been developed in order to
make such analysis possible on larger datasets through biclustering or iterative clustering that
can scale with dataset size reducing the need for dimensionality reduction.**-*4 An even newer
unsupervised clustering approach called scGAC also seeks to analyze high dimensional and
sparse datasets. The method utilizes latent relationship information across cells to graphically

obtain cell clusters. !

Discussion

Identifying cell subpopulations

A primary application of SCRNA-seq analysis is the identification of differentially abundant cell
subpopulations as different populations typically highlight unique cell types.B8 4648l |dentifying
such cell subpopulations is an important step in understanding cell heterogeneity.[“*-52 The
standard in analysis pipelines is to apply this identification step at least after quality control and
normalization in order to not introduce misleading artifacts.® There is a large quantity of tools
that seek to accomplish this task and while some methods such as scPopCorn and SCCLRR
claim outperformance of other tools during benchmark tests, not all workflows are identical and

biological datasets often require different features for analyses.®3 54

For example, modern tools can vary in accessibility to such subpopulation analysis. The web-
based application CHARTS allows for the investigation of cell subpopulations within tumors

across public scRNA-seq cancer data sets.™ This is a stark contrast to the many methods
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existing code workflows and packages that may require extensive programming knowledge to

use effectively.

More developmental but less accessible tools such as f-scLVM and the MscNMF framework
allow for the inference of interpretable factors that lead to such heterogeneity within cell
subpopulations.® 5”1 Knowing more about factors that underpin cell heterogeneity can highlight
new features to be analyzed by modern bioinformatic methods. For example, Poirion et al.
propose the use of single nucleotide variations as alternative features for subpopulation

identification.®!

When identifying or investigating rare subpopulations that could contain only a few cells, many
techniques are unable to characterize the different cell subpopulations accurately.® ¢ One
viable option is the MicroCellClust method which allows for rare subpopulation identification of
exceedingly specific expression profiles that are highly expressed in some cells even if they are

lowly expressed in peripheral cells.’®

Other emerging techniques utilizing spatial-omics are furthering the utility of this analysis by also
providing information on neighboring interactions of each identified cell state or
subpopulation.®? 6% Techniques such as those proposed by Moncada et al. facilitate this
investigation of spatial patterns of gene expression using microarray-based spatial
transcriptomics.®¥ Others such as the method proposed by Ye et al. use co-expression network
analysis to detect interactive gene groups using gene-to-gene interactions.® Dynamic methods
such as these are important for datasets that may have nonlinear trends. Another example is
the scRCMF method which specializes in characterizing subpopulations of cells that may

transition from state to state.?!l
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Differential expression analysis

Further analysis of identified cell populations can provide even more information on biological
differences between conditions or cell types. 671 A common method is differential expression
analysis which facilitates identification of genes expressed differentially between identified
distinct cell subpopulations.?® Many tools are available for this analysis such as the muscat R
package which was developed through a simulation based survey of the many state analyses
and methods commonly used for differential state analysis.[®® Since many methods of detecting
these differentially expressed subpopulations relies on initial clustering of cells of all cells which
can miss more localized differences, new methods of analysis have been developed such as
DA-seq which operates more locally to identify differentially abundant cell populations without
being restricted to clustering.[®® Differentially expressed testing methods like the Bayesian
approach and MAST can handle the presence of dropout elements in sScRNA-seq data. Another
and more efficient test for large sSCRNA-seq datasets is the Wilcoxon rank-sum test. After
identifying the gene signatures of clusters, analyses like Gene Ontology Enrichment Analysis
(GOEA) and Gene Set Enrichment Analysis (GSEA) can be implemented to identify the active

biological processes in each cell’s cluster.["

More research needs to be done on developing methods that scale with dataset size. As
modern scRNA-seq methods increase in complexity, the datasets that are generated also
increase in complexity as well as size. By focusing development on methods with performance
independent or minimally diminished by dataset scale, workflows and pipelines using such
methods will stay relevant for longer. Furthermore, more research should be conducted to
employ more features when training algorithms to analyze scRNA-seq data using artificial
intelligence. Through identifying additional features such as spatial-omics and cell-cell

interactions, artificial intelligence models will be able to become more specialized and accurate.
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Lastly, a greater emphasis on usability should be undertaken. As the number of sScCRNA-seq
data sets, especially those publicly available, increases, data analysis techniques requiring
significant programming knowledge serve less utility as biological researchers without a
computational background will be unable to use or troubleshoot them effectively. Methods
designed with usability in mind in the form of a user interface or thorough documentation are
more accessible and can therefore be used by a larger number of researchers. By increasing
the ability of a model to be applied to as many biological investigations as possible, the utility of
such a model can be improved. Overall, modern scRNA-seq analysis methods for identifying
differentially abundant subpopulations are as widely varied and plentiful as they are complex.
Those looking to apply such bioinformatic methods should spend time to consider the options

available in order to find the best method suited to their biological hypothesis.
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