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�INTRODUCTION

Single-cell (SC) research is rapidly ascending to the forefront of biomedicine and biotechnology, due 
to its ability to elucidate cell-level variation and heterogeneity, particularly in the context of human 
diseases. Consequently, considerable advances have been made in SC research, spanning from exper-
imental methodologies, technological breakthroughs, data analytics, and outcomes [1]. Single-cell 
RNA sequencing (scRNA-seq) provides unprecedented depth in exploring cellular heterogeneity [2], 
unveiling intricate variability within seemingly homogeneous cell populations. Moreover, it facili-
tates understanding cell trajectories through pseudo-time analysis, which allows the reconstruction of 
cellular development or differentiation pathways [3]. Furthermore, scRNA-seq can uncover intricate 
disease mechanisms. Researchers can dissect signalling networks between different cell types, offer-
ing novel insights into disease progression and potential therapeutic targets [4]. In oncology, it offers 
a higher-resolution picture of the intricate and diverse cell populations within tumours, aiding in the 
identification of unique transcriptional signatures that could be associated with therapy response or 
disease prognosis [5], a critical asset in the development of personalised medicine strategies.

Historically, the progress of SC studies was limited by the cost, labour, and time-intensive 
nature of low-throughput SC isolation methods [6]. Today, high-throughput techniques have miti-
gated those challenges [7]. The success of SC technologies can be largely attributed to advance-
ment in two main techniques: (i) cellular separation and (ii) barcoding [8,9]. Figure 7.1 illustrates 
an SC protocol that utilises those strategies. Briefly, high-throughput cell isolation methods such 
as fluorescence-activated cell sorting (FACS) in SC suspensions, plate-based segregation, and 
robotic droplet microfluidic devices [10] work in tandem with state-of-the-art barcoding to label 
cells derived from specific samples, subjects, experimental conditions, tissue, or cell types. It is 
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FIGURE 7.1  SC transcriptomics workflow. Tissue samples are preprocessed and SC suspension is collected 
in vials. Each cell is wrapped with a bead inside a nanoscale droplet (each bead contains a unique molecular 
identifier [UMI] barcode attached with a transcript). Cell lysis, droplet breakage, and microparticle filtering 
occurs within each droplet. Transcripts together with the relevant barcodes and adapter bind to the beads 
followed by amplification of complementary DNA (cDNA). The cDNA then undergoes library preparation 
procedure for sequencing, which in turn is followed by data analysis. (Graphical elements were obtained from 
Bioicons https://bioicons.com/ [Accessed 16 October 2024].)
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important to note that barcoding can be performed on various biomolecules (e.g., DNA, RNA, 
proteins, etc.) and staggered or nested to reflect multiple aspects, e.g., separating subjects and cell 
types [11]. Upon barcoding, the cells can then be lysed to extract the biomolecules of interest (e.g., 
DNA, RNA, proteins, etc.). Barcoded biomolecules can then be pooled into a single library for an 
associated high-throughput run, e.g., next-generation sequencing (NGS), thus significantly reducing 
the overall cost [12]. The process of cellular separation to pooled library preparation can be collec-
tively referred to as multiplexing. To that end, there are various multiplexing strategies [13–16] and 
platforms [17–19] currently available.

The cell transcriptome, i.e., the collection of all RNA molecules within a cell, exhibits consider-
able diversity and dynamics relative to the genome and epigenome while offering superior coverage 
relative to readouts from spectrometry-based proteomics. These hallmark characteristics highlight 
the versatility of the transcriptome as an effective tool for SC studies. As such, SC transcriptomics 
enables us to investigate cell-wide gene expression by quantifying mRNA expression at the SC 
level [20], thereby producing detailed gene expression profiles. These reflect a snapshot of a cell’s 
transcriptomic activity at a particular time point. Such profiles can be applied in various contexts, 
including but not limited to exploring intracellular dynamics [21], alternative splicing [22], and cell 
typing [23].

In this chapter, we focus on SC transcriptomics analyses generated using scRNA-seq technolo-
gies and the various strategies and tools for the analyses, spanning from large-scale preprocessing 
of NGS reads (primary analysis) to downstream secondary analysis, such as differential expres-
sion. We aim to educate and guide readers who are looking to explore high-throughput SC data for 
analysis (Figure 7.2).

�PRIMARY ANALYSIS

The primary analysis involves the large-scale processing of NGS reads derived from scRNA-
seq runs. It covers demultiplexing, quality control (QC), and the alignment and quantification of 
the data.

Demultiplexing

Demultiplexing [24,25] is a process applied to the raw scRNA-seq data to separate individual cells 
and distinct samples within a multiplexed library using barcode information (see Figure 7.1 and 
the ‘Introduction’). Briefly, demultiplexing can be carried out based on barcodes (i.e., artificially 
introduced nucleotides that tag specific samples) [14,15,26–30] or single-nucleotide polymorphisms 
(SNPs, which are naturally occurring) [31–34]. Popular barcode-based demultiplexing tools were 
found to be of comparable performance [25], with HTODemux [14] edging out the others for 
barcode-based demultiplexing. It is important to note that this process can be skipped if a given 
scRNA-seq dataset is already in a demultiplexed form.

Quality Control

Standard NGS QC of scRNA-seq reads is typically performed using tools such as FastQC [35] 
to ensure sufficient quality for downstream processes. Additional scRNA-seq-specific QC steps 
involve, for instance, setting a threshold for UMIs per cell to exclude low-quality cells. UMIs are 
‘barcodes’ that tag individual molecules during library preparation [36]. Tools such as EmptyDrop 
identify droplets with ambient or ‘free-floating’ RNA, thus reducing the false discovery rates [26]. 
Genes from cells that are either dying, dead, or below the detection threshold can be removed 
to further improve reliability [37]. Last, but not least, the doublets or multiplets, i.e., artefacts of 
two or more cells encapsulated in a single droplet and sequenced as if they were a single cell (see 
Figure 7.1) can be removed using tools such as Scrublet [38] and DoubletFinder [39]. Finally, Hong 
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FIGURE 7.2  Overview of the scRNA-seq data processing and analysis workflow. (a) Primary analysis 
steps include processing of the scRNA-seq reads such as demultiplexing, quality control, and read align-
ment. (b) Secondary analysis steps that are used to explore and interpret scRNA-seq data, spanning from 
data normalisation up to functional interpretation. Blue boxes highlight optional steps. (c) Downstream 
hypothesis-driven analysis could include more advanced multi-omics integration, temporal or spatially 
resolved analyses. Examples of tools for each step are provided as italic text. (Illustrative icons were obtained 
from Flaticons https://www.flaticon.com/ and Bioicons https://bioicons.com/ [Accessed 16 October 2024].)
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et al. provide an updated and extensive review of various QC tools for scRNA-seq to guide research-
ers working on such data [40].

Read Alignment and Quantification

NGS reads that pass the QC process then proceed to the read alignment or mapping step. This 
involves aligning the reads to a reference genome, e.g., a human genome reference. Briefly, align-
ment programmes require the NGS reads and an indexed reference genome. This process is typi-
cally resource-intensive and highly dependent on the size of the reference genome and the depth of 
sequencing. STAR [41] is a common tool used for transcriptomic analysis that relies on a classical 
alignment algorithm [42]. However, the resource intensive (i.e., CPU, RAM, and storage) nature of 
classical read alignment (e.g., in tools like STAR) has led to the prominence of pseudo-alignment 
tools such as Alevin [43] and Kallisto [44] in scRNA-seq data.

The quantification of reads from scRNA-seq data is a critical step in downstream analysis, and 
it can be approached in two main ways. First, reads aligned with tools such as STAR result in a 
sequence/binary alignment map in SAM/BAM file format, which contains extensive information 
such as read mapping position, quality of read, and quality of the alignment. The SAM/BAM for-
mats are, in turn, used with annotation information (e.g., in GTF format) within tools such as featu-
reCounts to quantify gene expression, which can be further normalised prior to secondary analysis 
and processing (e.g., differential expression). Alternatively, pseudo-alignment tools such as Kallisto 
can directly ‘align’ reads to a set of transcripts to output normalised estimated count tables (e.g., 
transcripts per million [TPM]) that can be used in secondary analysis (e.g., differential expression) 
with minimal additional processing. Pseudo-alignment tools may be preferred for scRNA-seq data 
processing as they are less resource intensive, require less intermediate processing, and are more in 
line with the goals of scRNA-seq primary analysis, which is gene quantification.

�SECONDARY ANALYSIS

Normalisation, Batch Effect Correction, and Imputation

ScRNA-seq requires normalisation procedures to account for technical variabilities, specifically the 
fact that different cells or sequencing experiments may yield different numbers of reads. After initial 
quantification, which produces raw count matrices, tools such as scran [45] estimate size factors that 
are subsequently used to normalise gene expression values. Spike-in normalisation [46] is another 
strategy that can be used when spike-in controls are added to the samples, providing a reference for 
correcting technical noise. Moreover, different normalisation strategies are used for varying scales 
of data and different downstream analyses. For instance, SCnorm is applied to low-throughput (low 
number of samples), high-depth sequencing data, as it is robust in dealing with high variability [47]. 
Conversely, for high-throughput (large number of samples), low-depth data, where the emphasis is 
on capturing a wide range of cellular diversity, the sctransform method is often utilised [48]. Finally, 
log-normalisation and z-score transformation are typically applied across all datasets to standardise 
gene expression values, facilitating comparative analysis across cells and conditions.

Diverse sources of technical variability may introduce so-called batch effects in scRNA-seq 
data, potentially obscuring true biological signals of interest. Batch effects may stem from many 
sources, for instance, different or distinct extractions, experiments, sequencing runs, and/or reagent 
lots. To tackle these challenges, numerous batch effect correction tools have been developed [49]. 
Among them, ComBat [50] is often favoured due to its robustness and simplicity. However, cor-
rection methodologies such as this were originally developed for bulk transcriptomics, and thus 
assume equal cell composition across batches, which is often inaccurate in the context of scRNA-
seq data. Hence, batch correction relying on mutual nearest neighbours (MNNs) may lead to 
more accurate and precise results [51]. Alternatively, the task of integrating multiple scRNA-seq 
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datasets is addressing similar challenges, thus the methodologies and computational strategies 
often overlap. For more details, please refer to the subsequent section on ‘Integration of Multiple 
scRNA-seq Datasets’.

Dropout events, wherein a gene appears to be unexpressed due to technical limitations, pose 
significant challenges in scRNA-seq data interpretation. As a result, several imputation methods 
have been developed to handle this issue, typically replacing dropout events (usually represented 
as zeros) with estimated values to reduce noise and facilitate downstream data analysis. DrImpute 
[52] and SAVER [53], for example, employ statistical models to predict missing values based on 
observed gene expression patterns. Alternatively, methods such as MAGIC [54] use diffusion-based 
algorithms to smooth gene expression data across similar cells, helping to mitigate noise. While 
these methods can reduce data noise and improve interpretability, it is important to note potential 
limitations, namely, the over-reliance on imputation could inadvertently introduce artificial struc-
tures or patterns, leading to overfitting. Therefore, these techniques should be employed judiciously, 
always considering the context of the biological question.

Integration of Multiple scRNA-Seq Datasets

The integration of datasets (also referred as P-integration) in scRNA-seq is a critical task in the 
analysis of SC genomics data, as it allows for the comparison and consolidation of data from mul-
tiple batches, experimental conditions, or technologies (such as scATAC-seq). Various computa-
tional tools have been developed to facilitate such integration, including Harmony [55], LIGER 
[56], and Seurat [57]. Harmony, an algorithm and R package, creates a harmonised embedding of 
cells where they cluster by cell type rather than by the batch or dataset of origin, and is known for 
its speed and efficiency. Linked Inference of Genomic Experimental Relationships (LIGER), on the 
other hand, identifies shared and dataset-specific (or condition-specific) cell types using integrative 
non-negative matrix factorisation, thereby uncovering shared and unique features across datasets. 
Finally, Seurat, an R package, offers various methods for data integration, including canonical cor-
relation analysis (CCA)-based integration and an integration method based on MNNs. All three 
methods have proven effective for batch correction in scRNA-seq data and have been recommended 
based on benchmarking studies, such as the one by Tran et al. [49], each with their unique strengths 
and use cases.

Cell Cycle Assignment

Cell cycle stages considerably influence gene expression profiles. Specifically, different phases of 
the cell cycle will result in distinct transcriptional signatures, thus generating an inherent variability 
in the expression of genes. This variability, if unaccounted for, can introduce confounding factors 
into downstream analysis, especially when the objective is to compare cell types or states, which 
may also be represented by disparate proportions of cells in each phase of the cell cycle [47].

To that end, scRNA-seq data analysis should incorporate the assignment of cell cycle stage infor-
mation. For instance, during an SC differential gene expression analysis, a population of cells pre-
dominantly in the S or G2/M phases (phases marked by DNA replication and thus high expression 
of replication-related genes), compared to a population largely in other stages, may lead to mislead-
ing interpretations. In this event, replication-related genes may seem differentially expressed due to 
the disproportion in cell cycle stages rather than any true inherent biological differences between 
the cell populations.

By implementing cell cycle assignment, such as through tools like Cyclone [58] and 
CellCycleScoring [59] from the Seurat package, cells can be categorised into their respective 
cell cycle phases. This step provides an opportunity to account for this intrinsic variability. Post-
assignment, general linear models (GLM) can be employed to ‘regress out’ cell cycle associated dif-
ferences, thereby neutralising their impact on downstream analysis [60]. Some studies may require 
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explicit modelling of cell cycle effects or conduct separate intracell cycle analyses. This process 
not only minimises the potential confounding influence of these effects but also permits focus on 
biologically relevant variations over those from different cell cycle stages, enabling accurate and 
biologically meaningful interpretations.

Feature Selection

The scRNA-seq dataset often contains a vast number of genes, but not all of these genes or cell 
types may be adequately represented during a given experiment. This underlines the importance of 
feature selection, a step in the analysis process that focuses on retaining only strong biological sig-
nals compared to technical noise. Genes (also referred to as ‘features’ in this context) that are either 
too noisy or present in a small number of samples are often eliminated based on parameters like the 
mean and variance of gene expression or a high frequency of zero values [48,57].

When dealing with multiple datasets, the feature selection process is first performed on an 
individual dataset. Following this, features are prioritised across multiple experiments based on 
the number of datasets where they were independently identified as highly variable. This integra-
tive approach allows for a more robust identification of relevant features, ultimately enhancing the 
potential for meaningful biological insights.

It is important to note that the feature selection process in scRNA-seq is crucial for reducing data 
complexity and improving computational efficiency. However, it also requires careful consideration, 
as it can influence downstream analyses and interpretation of the results. Methods available range 
from univariate filters (such as t-statistics), requiring predefined cell type labels, to less restric-
tive approaches that filter highly variable genes (HVGs), implemented in frameworks like Seurat. 
Several other approaches for analysing scRNA-seq data are emerging. These include multivariate 
methods such as gene pair filtering and COMET (a deviance statistic-based gene filtering tech-
nique). Additionally, researchers are developing wrapper and embedded methods that build upon 
classic analytical techniques [61].

Dimensionality Reduction

The processed scRNA-seq data is typically organised into an expression matrix, where each col-
umn represents a single cell, and each row represents a specific gene or transcript. Each element in 
this matrix shows the expression level of a particular gene in a specific cell. The size of this matrix 
can be substantial, with the number of cells ranging from thousands to millions, while the number 
of genes depends on the reference transcriptome (e.g., about 30,000 for humans). This results in a 
large, high-dimensional dataset, which presents significant challenges for effective visualisation, 
interpretation, and further analysis. To address these challenges, researchers use dimensionality 
reduction (DR) techniques. These DR methods allow the data to be represented and visualised in 
two dimensions, typically as a graph or plot, making it easier to identify patterns and relationships 
within the complex scRNA-seq data.

DR is an integral step in scRNA-seq analysis, as it facilitates the identification of clusters in 
the data that are presumed to represent similar cell types. Traditional DR methods, such as princi-
pal component analysis (PCA) [62], t-Distributed Stochastic Neighbour Embedding (t-SNE) [63], 
and especially uniform manifold approximation and projection (UMAP) [64], have been com-
monly employed in scRNA-seq data analysis, as they generally work well. However, in some cases, 
those conventional methods do not account for characteristics specific to scRNA-seq data, such 
as the prevalence of zero values (dropouts), which are false-zero gene expression values in some 
cells due to technical limitations.

To that end, methods such as Zero Inflated Factor Analysis (ZIFA) [65], Constrained Robust 
Non-negative Matrix Factorisation (CRNMF) [66], and an improved Deep Variational Autoencoder 
model (DREAM) [67] are being developed to mitigate SC-specific DR issues. These methods claim 
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to be capable of preserving long-distance relationships in a latent space such as single-cell Graph 
Autoencoder (scGAE) [68].

To conclude, the choice of suitable methods depends on the specifics of the data and the research 
question at hand, while future rapid advancements in SC technologies will continue introducing 
novel techniques for DR.

Cell Clustering

An essential part of scRNA-seq analysis is cell clustering, a process that groups cells based on their 
features, facilitating the discovery of new cell (sub)types and/or marker genes. However, it can be 
challenging due to the noisy and high-dimensional nature of the data. Seurat clustering functions 
[57] and Monocle [38] are the most widely used methods among several developed approaches to 
address this problem, each offering distinct advantages, drawbacks, and areas of application. A 
novel approach is scCAN [69], which utilises non-negative kernel autoencoders, stacked variational 
autoencoders, and graph-based techniques. Authors have demonstrated that scCAN outperforms 
existing methods in accuracy and scalability.

Nevertheless, while multiple methods exist for clustering scRNA-seq data, choosing the right 
approach is dependent on the nature and specific needs of the analysis. The advancement of com-
putational methods continues to enhance the accuracy and efficiency of scRNA-seq clustering. As 
a result, it is advisable to consult recent benchmark studies, such as the article by Yu et al. [70], to 
make an informed decision.

Cell Type Annotation

Cell type annotation involves associating clusters (generated from the cell clustering step described 
in the previous section) with different gene expression profiles to distinct cell types. Given the 
time-consuming and subjective nature of manual annotation, the development of standardised and 
automated tools for cell type identification has been a significant advancement in the field [71].

Automated cell type annotation methodologies can be classified into three primary categories: 
(i) marker gene database-based annotation such as ScType [23], (ii) correlation-based methods such 
as SingleR [72], and (iii) supervised classification such as scDeepSort [73] or scClassify [74]. The 
first approach utilises specific marker genes to identify cell types, while correlation-based methods 
compare gene expression profiles of cells with reference datasets to infer cell types. Supervised 
classification employs machine learning algorithms trained on labelled datasets to classify cells into 
known cell types [75].

Despite the availability of these automation methods, manual annotation remains necessary in 
cases of conflicting or absent cell labels, or for novel and critically discussed cell type subclasses. 
This underscores the importance of refining cell type annotation methods. Useful guidelines are 
discussed in a review by Clarke et al. [76].

Differential Gene Expression Analysis

Differentially expressed genes (DEGs) refer to genes that exhibit significant variations in their 
expression levels across two or more biological states or conditions. The identification of these 
DEGs is fundamental to the analysis of gene expression data, as they are often implicated in the 
biological processes or the diseases being studied.

In the context of scRNA-seq, the analysis of DEGs is even more important, as it enables researchers 
to identify differences in gene expression at the level of individual cells. Such granular insights can 
help in understanding the diversity within cell populations and the specific roles of different cell types.

Classical methods for differential gene expression in scRNA-seq include DESeq2 [77] and edgeR 
[78], which are based on negative binomial models. In contrast, limma [79] utilises a linear model 
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for data processing. Originally designed for bulk RNA-seq data, these techniques have also found 
applicability in scRNA-seq analyses despite not being specifically tailored for the task.

The Model-based Analysis of Single-cell Transcriptomics (MAST) approach is interesting 
because it offers a two-part generalised linear model that simultaneously models the rate of expres-
sion over the background of various transcripts and the positive expression mean. By leveraging a 
hurdle model and by introducing the concept of cellular detection rate, they provide a mechanism 
for advanced, multiparametric modelling of SC transcriptomics data that can account for both tech-
nical and biological factors affecting gene expression and thus potentially enabling more accurate 
interpretation of experimental results [80].

According to a recent study from Gagnon et al. [81], the NEBULA [82] and glmmTMB [83] 
methods were found to outperform the commonly used methods in the literature. Nevertheless, 
selecting an appropriate method depends on the dataset characteristics and the research questions 
available. Researchers are advised to consult original papers and software documentation to under-
stand the optimal use of these methodologies.

Enrichment Analysis (EA)

EA in scRNA-seq is a computational method used to identify groups or classes of significantly over-
represented or underrepresented features in the data. The goal is to determine if the genes from the 
previous DEG analysis, whether comparing conditions (e.g., healthy vs. diseased) or cell types, are 
enriched in certain biological pathways, molecular functions, cellular components, or other defined 
gene sets (such as MSigDB [84], Gene Ontology [85], etc.), thus providing a deeper understanding 
of the underlying biological processes being activated or repressed in the given dataset.

To perform an EA, the list of genes is compared to predefined gene sets or databases to see 
if there is an overlap greater than what is expected by chance, using statistical methods such as 
Fisher’s exact test. There are common tools and software available for EA, such as g:Profiler [86], 
DAVID [87], and GSEA [88,89]. Some of the most recent and tailored tools for scRNA-seq data 
are iDEA [90] and scGSEA [91]. iDEA is a statistical method that uses summary statistics from 
gene expression data, including measures of gene expression changes (such as fold change or effect 
size estimates) and their associated standard errors. What distinguishes iDEA is its ability to com-
bine differential expression analysis with gene set enrichment analysis within a single, unified sta-
tistical framework. scGSEA combines latent data representations and gene set enrichment scores to 
detect coordinated gene activity at single-cell resolution.

Overall, EA is a form of hypothesis-generating procedure, and while it provides useful biological 
insights, it does not prove causal relationships, and so the results need to be interpreted with caution 
and ideally validated with further experiments.

SC Analytic Frameworks

scRNA-seq data analysis is multifaceted, with various factors influencing the success of a given 
study. We highly recommend using established analytical methodologies (such as those highlighted 
in this chapter) as a sturdy foundation for analysis and later moving to more tailored approaches 
that may be better suited to the given experimental design and/or data. To that end, there are several 
specialised frameworks to facilitate scRNA-seq data analyses that comprise a suite of preselected 
tools conveniently packaged together and maintained by experts in the field [92]. These frameworks 
offer a smoother onboarding experience for those who want to delve into scRNA-seq data analysis. 
They can also be divided by focus: whether it is on primary or secondary analysis.

Primary analysis frameworks typically consist of large-scale processing tools (see the section 
‘Primary Analysis’) that are strung together using workflow automation tools such as Snakemake 
[93] or Nextflow [94,95]. These workflow languages enhance reproducibility, automation, and scal-
ability, potentially saving considerable time, while being kept up to date by a community of experts.
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Secondary analysis frameworks include various secondary analysis steps (see the section 
‘Secondary Analysis’) and can be further divided by platform, such as whether they are R or 
Python based. Seurat, a package built on R [96], is arguably the most widely used implementa-
tion for scRNA-seq secondary analysis due to its flexibility, high-quality implementation, and fre-
quent updates. And for those familiar with R, platforms such as Bioconductor, Seurat, and tidy 
transcriptomics are highly recommended for their excellent documentation and very active user 
communities that can provide support and answer questions. Similarly, tidyseurat [97] (within 
the tidytranscriptomics suite [98]) offers a collection of powerful and cohesive packages for data 
manipulation, exploration, and visualisation under the R tidyverse framework [98]. This unified 
framework enables consistent syntax and data structures for efficient, intuitive, and reproducible 
scRNA-seq analysis. Furthermore, packages such as clustree [99] should be considered to facilitate 
visualisations and decision-making, while SCpubr [100] could aid in generating publication-quality 
figures. Similarly, SCEDAR [101] and scanpy [102] offer equivalent secondary analysis capabilities 
in Python, with the latter further offering an R implementation.

Researchers should consult available resources when starting their scRNA-seq analysis journey; 
high-quality guides are available for Python [103,104] and R Bioconductor [105]. More importantly, 
the landscape of scRNA-seq data analysis is highly dynamic, therefore researchers should always 
refer to the most recent analysis procedures, guidelines, and benchmarks.

�BEST PRACTICES FOR SC DATA ANALYSIS

It is necessary for researchers to approach scRNA-seq data analysis with a dynamic mindset, consid-
ering the rapid advances in the field. Depending on the time of reading, one may encounter certain 
tools highlighted within this chapter that have become either outdated or significantly improved. 
Thus, we aim to address crucial aspects of SC transcriptomics data analysis from two angles: (i) the 
selection of tools and (ii) the reproducibility of analysis pipelines.

When selecting analytical tools, two factors should be considered: the goals of the study and the 
quality and implementation of the tools. Always consider the objectives of your analysis and the 
characteristics of the generated SC data when selecting tools. Given the vast range of available tools, 
it is generally prudent to select those with a proven track record of generating high-quality output, 
demonstrating stable implementation, providing regular support and updates, and ensuring interop-
erability with other tools through standard output formats. Another factor of paramount importance 
is a collaborative multidisciplinary mindset when designing scRNA-seq experiments, so that you 
include input from biologists, statisticians, and bioinformaticians to ensure a biologically, statisti-
cally, and methodologically robust downstream analysis. Moreover, remember that the specifics of 
your project – such as the biological question, sample type, and sequencing platform – will often 
determine the most suitable tools and analysis strategies.

The reproducibility of analysis pipelines applied within an scRNA-seq study should adhere to 
general open-science best practices [106,107]. Researchers should have a long-term view on being 
able to replicate a given study even years after publication. Therefore, code for a given analysis 
protocol should be deposited into repositories such as GitHub, while raw NGS data (e.g., scRNA-
seq data) should be uploaded into public archives like the National Center for Biotechnology 
Information’s (NCBI) Sequence Read Archive (SRA) or the European Bioinformatics Institute’s 
(EBI) European Nucleotide Archive (ENA) with detailed accompanying metadata, while gene 
expression data should be provided on NCBI’s Gene Expression Omnibus (GEO) platform. If appli-
cable, non-standard data formats could be uploaded on Zenodo [108]. Finally, containerisation (e.g., 
using Docker or Singularity) of specific software versions could further facilitate reproducibility.

Recently, the sharing of raw and/or processed NGS data from human subjects has raised regula-
tory and ethical concerns [109], hence researchers must adhere to policies such as the General Data 
Protection Regulation (GDPR) in the European Union [110] or the Health Insurance Portability and 
Accountability Act (HIPAA) in the United States, among other equivalent regional or international 
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data protection policies. Overall, striking a balance between protecting the subjects of data collection 
and maintaining research transparency is critical. The Findability, Accessibility, Interoperability, 
and Reuse (FAIR) principles and resources serve as an excellent guide for data discovery, use, and 
sharing [111–115].

In general, the availability of code, data, and software alongside detailed methodological descrip-
tions or documentation (e.g., in an article) should provide sufficient material for reproducing a given 
study, which in turn could lead to downstream integration into other independent studies (e.g., meta-
analysis; see the section ‘Integration of Multiple scRNA-seq Datasets’), scaling up existing studies, 
and knowledge transfer.

�ADVANCED SCRNA-SEQ ANALYSES

Following the scRNA-seq data analysis approach outlined in this chapter, it is imperative to under-
score the numerous avenues for further analyses, which include the following:

Cell-to-cell communication analysis can unravel the intricate interactions that occur within 
and between cellular communities [116]. LIANA is a computational tool worth mention-
ing here, as it integrates multiple ligand-receptor databases and offers various statistical 
methods to infer and analyse cell-cell interactions from scRNA-seq data [4].

Gene regulatory network inference is a process that models the complex regulation of gene 
expression in individual cells. Tools such as SCENIC perform this inference, offering 
insights into the fundamental mechanisms underpinning cellular diversity and the dynam-
ics of biological processes [117].

Genotyping analysis can supplement scRNA-seq data by relating genetic variations to 
cellular-level expression, providing insights into their phenotypic consequences. As such, 
various tools can be utilised to perform copy number variation (CNV) [118], single nucleo-
tide variation (SNV) [119], and expression quantitative trait locus (eQTL) [120] analysis.

RNA velocity is an approach that employs scRNA-seq to approximate the derivative of gene 
expression over time, thereby elucidating the dynamism of gene expression within individ-
ual cells. Through the quantification of RNA expression ‘velocity’, researchers can predict 
cellular fate and comprehend developmental trajectories with tools such as scVelo [121].

�INTEGRATED APPROACHES IN SC ANALYSIS: 
TIME-SERIES, SPATIAL, AND MULTI-OMICS

Unveiling biological complexity requires the intersection of the various dimensions of SC analysis, 
namely time-series, spatial, and multi-omics approaches.

The time-series aspect of SC analysis unravels dynamic changes in cell states and gene expres-
sion, elucidating the evolution of cellular processes [122]. Current capabilities extend to inferring 
cell trajectory [123], predicting cell fates over varying time points and populations [124], assigning 
transcription factors to activation points [125], and mitigating cell asynchrony [126].

Spatial transcriptomics can be used to complement high-resolution scRNA-seq information to 
mitigate the inability of SC methods to retain spatial information [127,128]. This union reveals cell-
specific changes within their native tissue context, aiding in the exploration of disease biomarkers 
[127]. Challenges such as data availability and computational complexity are hurdles on the path 
towards full integration [128,129].

Lastly, SC multi-omics technologies offer the opportunity to analyse multiple types of biomol-
ecules from individual cells, providing an extensive understanding of cellular processes and hetero-
geneity [130–132]. As such, scRNA-seq derived gene expression can be integrated with genomic, 
DNA methylation, chromatin accessibility, and/or protein abundance information using a multitude 
of cutting-edge analytical methods and tools [130,133–137], despite existing technical and compu-
tational challenges [138].
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Together, these integrated approaches in SC analysis offer powerful tools for comprehensive 
insights into cellular dynamics, spatial organisation, and multilayered molecular signatures.

�THE EXPANDING RESOURCES AND APPLICATIONS OF SC TECHNOLOGIES

scRNA-seq has been applied in various research areas and clinical applications as it enables the 
high-resolution analysis of individual cells, providing deep details about the cellular heterogeneity 
and gene expression of complex biological systems and disease mechanisms [139,140].

Precision medicine is one of the most promising applications of scRNA-seq. By elucidating the 
intricacies of cellular dynamics, it helps identify therapeutic targets and develop innovative dis-
ease diagnoses and treatments [140]. In addition, scRNA-seq has enabled the culmination of major 
resources, including the Human Cell Atlas (HCA) [141], which aims to develop comprehensive refer-
ence maps for all human cells, detailing their features, location, and biological functions [129,142]; 
and the Brain Research through Advancing Innovative Neurotechnologies (BRAIN) Initiative’s Cell 
Census Network (BICCN) [143], which aims for the equivalent with a focus on brain cells. These 
initiatives have catalysed the development of robust SC analytical tools [144], further enriching our 
understanding of cellular complexity and heterogeneity across different species and different scales.

From a clinical perspective, scRNA-seq can improve diagnostics, therapeutic choices, and disease 
monitoring in various fields of medicine. The potential impact of these technologies on precision 
medicine could see them becoming a key component of the diagnostic process in the future [145].

The application of scRNA-seq in cancer research has been particularly noteworthy with its abil-
ity to study individual cells in a tumour, providing insights into cancer biology, with the potential 
to enhance diagnosis, prognosis, and therapeutics specific to the tumour heterogeneity [146,147].

Moreover, scRNA-seq holds significant promise for drug discovery and development by enabling 
detailed descriptions of cellular heterogeneity and the related disease mechanisms, and it can help with 
the identification of new therapeutic targets and understanding cellular responses to treatments [139].

Finally, scRNA-seq facilitates the study of rare cell (sub)types that might have a significant 
impact on health or disease. These cells are often missed in bulk sequencing techniques but can 
be effectively studied with scRNA-seq [148]. Also, the integration of scRNA-seq with spatial tran-
scriptomics provides a holistic understanding of the cellular environment, maintaining crucial 
information about the spatial organisation of the tissue.

In summary, scRNA-seq has a wide range of applications and holds immense promise for 
advancing our understanding of complex biological systems and disease mechanisms, potentially 
transforming various fields of research and clinical practice.
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