











lineage relationships, and explore dynamic processes such as differentiation,
immune responses, and disease progression at an unparalleled resolution.

2.1.2 Major single-cell sequencing steps

The scRNA-seq involves a series of elaborate steps, each profoundly impacting
the accuracy and depth of the resulting data. The process initiates with isolating
single cells, which can be achieved using multiple different techniques such as
fluorescence-activated cell sorting (FACS), microfluidic devices, and plate-based
isolation (Hwang et al., 2018). FACS is frequently utilized for its ability to sort
cells based on specific surface markers, enabling targeted cell population studies.
Microfluidic devices, such as those using droplet encapsulation, offer high-
throughput capabilities by isolating individual cells into nanoliter-scale droplets,
each containing the necessary reagents for subsequent RNA processing (A. M.
Klein et al., 2015; Macosko et al., 2015). These droplets serve as reaction cham-
bers where cell lysis, reverse transcription of RNA to cDNA, and barcoding occur
sequentially within each droplet (Figure 1). 10x Genomics single-cell platform is
the most popular droplet-based commercial solution (G. X. Y. Zheng et al., 2017).

Figure 1. Comparison of split-pool and microfluidic scRNA-seq workflows. In the
split-pool approach (upper), a cell suspension is divided across 96-well plates multiple
times with pooling between splits to encode cell-specific barcodes. In the microfluidic
approach (lower), individual cells are encapsulated into Gel Bead-in-Emulsions (GEMs)
using a microfluidic device to associate each cell with unique barcodes. Both methods
generate cDNA libraries for downstream sequencing and transcriptomic analysis.

Split-pool barcoding is an alternative high-throughput scRNA-seq technique that
does not require a microfluidic instrument (Cao et al., 2017). This method in-
volves the iterative splitting and pooling of cells in 96-well plates (Figure 1). The
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samples are distributed into wells where the first-round barcode is introduced into
each cell. Then, the cells from all wells are pooled together. In subsequent rounds,
the barcoding procedure is repeated, which results in the ligation of additional
barcodes. Due to the probabilistic nature of cell distribution in wells, each cell
acquires its specific barcode. The split-pool barcoding approach has been com-
mercialized by Parse Biosciences in the Evercode kits.

After isolating the cells, RNA extraction and reverse transcription are crucial
processes. The RNA extracted from each cell is reverse-transcribed into comple-
mentary DNA (cDNA), often incorporating unique molecular identifiers (UMIs)
to reduce amplification bias and enhance quantification accuracy (Islam et al.,
2014). This reverse transcription can be carried out within the same droplets or
wells where the cells were initially isolated, preserving the single-cell resolution.
Including UMIs during cDNA synthesis allows for precise RNA molecule
counting, ensuring accurate downstream quantification and analysis.

The next phase involves library preparation, where the cDNA is amplified,
and sequencing adapters are added. This process generates libraries compatible
with high-throughput sequencing platforms such as Illumina. The prepared libra-
ries are then subjected to next-generation sequencing, which produces large volu-
mes of data representing the transcriptomic landscape of individual cells. Se-
quencing outputs, known as reads, are short DNA sequences corresponding to
original RNA molecule fragments. These reads are then processed and mapped
back to a reference genome, enabling the gene expression quantification within
each cell. High-throughput sequencing technologies allow the parallel se-
quencing of thousands to millions of cells, providing a comprehensive view of
cellular heterogeneity and gene expression dynamics.

2.1.3 Challenges of single-cell

When planning a single-cell sequencing experiment, cost-effective strategies are
paramount to ensure the feasibility and success of the study. One approach to
reducing costs is through sample multiplexing, where multiple samples are bar-
coded and pooled together, allowing for simultaneous processing and sequencing.
These include labelling cells with hashtag oligos (HTOs) or lipid-conjugated
oligonucleotides prior to droplet formation (McGinnis et al., 2019; Stoeckius et
al., 2018). Sample multiplexing saves on reagent and sequencing costs and helps
balance the sequencing depth across samples. However, researchers must care-
fully consider the trade-offs between sequencing depth per cell, the number of
cells per sample, and the number of samples in each group (Davis et al., 2019;
Wu et al., 2017). Achieving an optimal balance is crucial: deeper sequencing pro-
vides more comprehensive data for each cell but reduces the number of cells that
can be analyzed within a given budget.

Batch effects present a significant challenge in the scRNA-seq experiments,
arising when samples are processed on different days or under varying conditions.
These effects can introduce unwanted variability that confounds actual biological
differences, complicating downstream data analysis. RNA-seq, in general, is
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particularly sensitive to such batch effects, necessitating rigorous experimental
design and data normalization techniques (Mclntyre et al., 2011). Strategies to
mitigate batch effects include using randomized sample processing, incorporating
control samples across batches, and employing computational methods for batch
effect correction (Tung et al., 2017). Ensuring consistency in sample handling,
reagent preparation, and sequencing conditions is crucial to minimizing these
artifacts.

The complexity of scRNA-seq protocols adds another layer of consideration,
making the process labor-intensive and technically demanding. Microfluidics-
based methods, while offering high-throughput and precise cell handling, come
with their own set of challenges, such as device clogging, variability in droplet
formation, and the need for specialized equipment and expertise (Arceneaux et
al., 2023; Simmons & Lau, 2022). Additionally, the choice of tissue processing
and RNA extraction techniques can significantly impact the quality and integrity
of the resulting data (Wohnhaas et al., 2019). Different tissues may require spe-
cific dissociation protocols to preserve cell viability and RNA integrity, and
suboptimal extraction methods can lead to RNA degradation or loss of specific
cell populations (Denisenko et al., 2020; Madissoon et al., 2020). Therefore, care-
ful optimization and validation of each step are essential to ensure robust and
reproducible results in single-cell sequencing experiments.

2.2 Single-cell data analysis

2.2.1 Overview of the key bioinformatics techniques

Single-cell technologies have significantly enhanced our ability to analyze hetero-
geneous cell populations with exceptional resolution, revealing complex mole-
cular interactions and previously undiscovered cellular states (Potter, 2018). As a
result, computational methods designed explicitly for single-cell data have be-
come indispensable, allowing researchers to extract meaningful insights from
vast and multidimensional datasets. The development of computational methodo-
logies for single-cell genomics has kept pace with the rapid advancements in
sequencing technologies (Hie et al., 2020). Considering the abundance of avail-
able tools, researchers often seek the best pipelines for conducting single-cell
analysis. The latest update of the scRNA-tools database includes over 1,700 pub-
lished algorithms and utilities for single-cell gene expression analysis alone
(Zappia et al., 2018). Several valuable guidelines have been published to assist in
the tool selection process (Amezquita et al., 2020; Andrews et al., 2021; Heumos
et al., 2023). However, the bioinformatics of single-cell genomics still needs to
be standardized, with most popular workflows requiring extensive fine-tuning
through trial and error.
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Figure 2. Overview of scRNA-seq data analysis pipeline. Raw data processing involves
sequencing libraries, generating FASTQ files, and mapping reads to genes. Quality cont-
rol ensures accurate gene expression counts, removes low-quality cells, and corrects batch
effects. Downstream analysis includes identifying gene expression changes, pathway en-
richment, trajectory inference for cellular dynamics, and cell type abundance comparisons
across conditions.

The overview of scRNA-seq processing workflow is provided in Figure 2. The
scRNA-seq analysis starts with processing raw sequencing data in FASTQ for-
mat, containing reads that must be prepared and organized for meaningful bio-
logical analysis. First, the data undergoes quality control (QC) to filter out low-
quality reads, removing those with poor scores or potential sequencing errors
(Haque et al., 2017). Next, the reads are aligned to a reference genome, which
links the sequences to specific genes, enabling the quantification of gene expres-
sion levels for each cell. For commercial single-cell RNA sequencing assays,
such as those offered by 10x Genomics, proprietary software solutions like Cell-
Ranger are commonly provided to facilitate the alignment and quantification pro-
cesses through streamlined and integrated workflows. Alternatively, open-source
tools, including STARsolo, kallisto, and alevin-fiy, are available, enabling re-
searchers to customize analytical pipelines (He et al., 2022; Kaminow et al., 2021;
Sullivan et al., 2024). These open-source approaches can exhibit substantial
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variability in computational efficiency and runtime, as well as differences in gene
quantification outcomes, which arise from variations in their underlying methods
and algorithms (Briining et al., 2022; You et al., 2021). However, the application
of open-source pipelines to commercial assays often necessitates additional
effort, including the adaptation of preprocessing steps and resolution of compati-
bility issues, to ensure accurate and reproducible results (Kuijpers et al., 2024).

After initial processing, quality control extends to the cell level, where low-
quality cells (often identified by high mitochondrial gene expression or low total
gene counts) are filtered out to ensure only high-quality cells are included in
downstream analyses (Andrews et al., 2021). Normalization techniques adjust for
differences in sequencing depth and other factors to handle technical variability
and enable cross-sample comparisons. At the same time, batch effect correction
methods are applied to mitigate technical biases across samples.

Once the data is prepared, dimensionality reduction techniques like UMAP or
t-SNE reduce complex high-dimensional data to two or three dimensions, making
visualization and interpretation more accessible (Cakir et al., 2020). Clustering
algorithms are then used to group cells with similar expression patterns, revealing
distinct cell populations (Kiselev et al., 2019). This clustering step is essential for
identifying known and novel cell types within the dataset. Additional analyses,
such as cell type annotation (assigning identities to clusters), differential expres-
sion analysis (identifying genes that vary between conditions or clusters), and
trajectory analysis (modeling dynamic processes like differentiation), provide
further insights (Saelens et al., 2019). Together, these analyses enable an under-
standing of cellular heterogeneity, lineage relationships, and underlying biologi-
cal processes.

2.2.2 Cell quality control

Quality control in scRNA-seq is essential due to the extensive processing cells
undergo during isolation and library construction, which can introduce technical
variability and artifacts (Amezquita et al., 2020). Rigorous QC measures are
necessary to filter out damaged cells, contaminants, and inaccuracies that arise
during these preparatory stages, ensuring the integrity of gene expression profiles
for accurate downstream analysis. Challenges common to scRNA-seq protocols
include distinguishing genuine cell-associated signals from background noise,
addressing contamination from ambient RNA, and identifying artifacts such as
multiplets or “doublets” where multiple cells are erroneously grouped (Hong et
al., 2022). These steps are integral to maintaining data quality across diverse
scRNA-seq methodologies.

In droplet-based scRNA-seq data (like 10x Genomics), the initial quality
control phase includes distinguishing cell-associated barcodes from those of
empty droplets. EmptyDrops, a popular algorithm embedded in the Cel//Ranger
workflow, is used for this purpose (Lun et al., 2019). A significant challenge in
droplet data is the capture of cell-free “ambient” RNA, which occurs due to cell
lysis during sample preparation. High levels of ambient RNA can make it difficult
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to accurately differentiate between droplets containing cells and those with am-
bient RNA (Y. Zhang et al., 2023). A high proportion of reads not linked to cell
barcodes suggests background RNA contamination, which requires correction.
Software packages like CellBender, SoupX, and DecontX can estimate and correct
the background RNA profile in the count matrices (Fleming et al., 2023; S. Yang
et al., 2020; M. D. Young & Behjati, 2020). However, fine-tuning these algo-
rithms may require expert knowledge of tissue-specific expression profiles. High-
throughput single-cell assays can also produce multiplets where multiple cells
share the same molecular barcode. In microfluidics-based protocols, this occurs
when more than one cell is captured in a droplet. The performance of doublet
detection tools has been thoroughly benchmarked, revealing significant variabi-
lity in their effectiveness across different experimental settings (Germain et al.,
2022; Xi & Li, 2021).

Damaged cells can have altered mRNA content, often showing increased
mitochondrial transcript counts, a decreased number of detected genes and UMIs,
and an increased nuclear RNA fraction (Muskovic & Powell, 2021). These chan-
ges can lead to spurious clusters that complicate downstream analyses. Tissue
handling and cell isolation can also introduce specific gene signatures, like stress
responses, further contributing to misleading results (Marsh et al., 2022). Key
quality control metrics include the number of detected genes, UMIs, and the per-
centage of mitochondrial gene expression (Andrews et al., 2021). Thresholds for
these metrics can be set based on expert knowledge or adaptively determined
from the data, with consideration for the sample’s cellular composition, as diffe-
rent cell types may naturally vary in mRNA content (Amezquita et al., 2020).

2.2.3 Accounting for technical variation

Addressing technical variation in single-cell sequencing analyses is crucial for
accurate data interpretation. Factors such as variability in mRNA capture, cDNA
conversion, amplification efficiency, sequencing depth, and stochastic molecular
sampling can obscure actual biological differences between cells (L. Lun et al.,
2016; Vallejos et al., 2017). The relationship between gene abundance and gene
variance in scRNA-seq datasets can result in highly expressed genes dispro-
portionately influencing the definition of cellular states in downstream analyses
(Eling et al., 2018). Normalization techniques, such as library size normalization,
are employed to standardize expression values to correct these disparities. Library
size normalization allows the scaling of gene expression values by dividing the
counts for each cell by a “library size factor,” which is proportional to the total
counts across all genes in that cell. This scaling is typically followed by log trans-
formation that emphasizes more pronounced gene expression changes during
downstream applications (Amezquita et al., 2020). Alternatively, sctransform
package employs a model-based approach using a negative binomial distribution,
estimating dataset-specific overdispersion parameters to stabilize the variance
(Choudhary & Satija, 2022).
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Unlike normalization, which adjusts for differences in sequencing depth and
other within-sample factors, batch effect correction specifically targets discrepan-
cies that arise when samples are processed at different times, under varying con-
ditions, or with different assay types. Early methods like /imma and ComBat,
which rely on fitting linear models, were adapted from bulk RNA-seq but are not
explicitly designed for single-cell data (Johnson et al., 2007; Ritchie et al., 2015).
One of the fundamental challenges in scRNA-seq is that cells cannot be se-
quenced in multiple batches, as the process of sequencing destroys the cells. This
limitation prevents direct comparisons of the same cells across batches, requiring
computational methods to identify and correct batch effects indirectly by ana-
lyzing population-level gene expression patterns and relationships. To better
handle scRNA-seq’s unique challenges, newer approaches like Mutual Nearest
Neighbors (MNN) and Canonical Correlation Analysis (CCA) have been deve-
loped. MNN corrects batch effects by identifying similar cells across batches and
using expression differences for adjustment, while CCA uncovers shared gene
correlation structures for data integration (Butler et al., 2018; Haghverdi et al.,
2018). Recent advancements include deep learning-based algorithms like scV1,
scANVI, and scGen, which model gene expression with greater accuracy, con-
sidering factors like latent cellular states and batch covariates, improving correc-
tion in complex datasets (Lopez et al., 2018; Lotfollahi et al., 2019; Xu et al.,
2021). These methods enhance the ability to combine data from multiple sources
and technologies and use hardware acceleration (such as GPUs) to process large-
scale datasets quickly. The performance of these methods can vary depending on
the tissue type and the specific characteristics of the dataset. While they enhance
the ability to combine data from multiple sources and technologies, their appli-
cation requires careful interpretation of results, as there is a risk of overcorrection,
which can inadvertently obscure genuine biological variation (Luecken et al.,
2022).

2.2.4 Cell type annotation

Cell type annotation, which involves classifying each cell into a specific type or
state based on its molecular profile, is central to scRNA-seq analysis workflows
(Andrews & Hemberg, 2018). This process enables the contextualization of data
within existing biological knowledge by assigning the observed cell communities
to known or novel cell types or states. Unlike techniques such as flow cytometry,
which depends on predefined gating strategies and known markers to identify cell
populations, scRNA-seq offers greater flexibility in exploring the cellular com-
position of a sample (See et al., 2018). Flow cytometry’s reliance on existing
antibodies may limit its ability to detect novel or intermediate cell states that do
not have specific markers. In contrast, sScRNA-seq can reveal these previously
uncharacterized states.

However, the ability of sScRNA-seq to define cell populations at varying levels
of granularity can lead to differing interpretations of cellular composition in
similar samples. For example, researchers may select different clustering resolu-
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tions, identifying broad cell types or more precise subtypes (Z. Wang et al., 2020).
The concept of “cell type” remains a topic of debate, intensified by the extensive
use of single-cell technologies. Arendt suggested an evolutionary perspective,
defining cell types as cells sharing a set of transcription factors regulating gene
expression profiles (Arendt, 2008; Arendt et al., 2016). Morris proposed that cell
identity should be understood regarding function, lineage, and potential responses
to stimuli (Morris, 2019). More recently, the importance of perturbation experi-
ments and multi-omics data integration in defining cell types has been highlighted
(Fleck et al., 2023; H. Zeng, 2022). While these discussions have advanced our
understanding of cell type definition in the single-cell era, practical and action-
able definitions are still needed.

Published guidelines for cell annotation recommend integrating manual anno-
tation with automatic classification tools (Z. A. Clarke et al., 2021). This “expert
in the loop” approach involves assigning cell type labels using reference datasets
and refining these labels based on domain expertise. Validation of cell type classi-
fications is crucial, as novel cell types may not be accurately identified using
existing references. The choice of a reference database depends on the specific
organism and tissue being studied, and numerous databases and cell annotation
tools have been developed for scRNA-seq (Aran et al., 2019; Dominguez Conde
et al., 2022; Hao et al., 2021; Kiselev et al., 2018). Differential expression ana-
lyses can also be performed for each cell cluster to identify marker genes that
define distinct cell communities.

2.2.5 The power of single-cell atlases

The concept of single-cell atlases emerged with the technological developments
and increased availability of sScRNA-seq assays. These represent large-scale data-
sets that comprise comprehensive maps of cellular diversity within an organism,
tissue, or disease state at a single-cell resolution. The atlases provide remarkable
scale and detail, allowing researchers to study the intricacies of cellular processes
and interactions. By offering insights into cell type-specific gene expression, sig-
naling pathways, and molecular characteristics, single-cell atlases facilitate a
deeper understanding of biological systems and their dynamic changes in health
and disease. The benefits of these atlases are manifold, including the potential to
identify novel cell types, uncover mechanisms of disease progression, and charac-
terize population heterogeneity at the single-cell level (Wilbrey-Clark et al.,
2020).

The availability of public datasets has accelerated the construction of single-
cell atlases. Researchers can build comprehensive resources encompassing va-
rious biological contexts by integrating and analyzing the data made available by
others. Leveraging public data or using it to supplement an in-house dataset en-
hances the scope and scale of single-cell atlases and promotes reproducibility
(Wilbrey-Clark et al., 2020). The Human Cell Atlas is one of the pioneering and
most extensive collections of published data encompassing a reference catalog of
human cells across multiple tissues (Regev et al., 2017). More focused atlas pro-
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jects, among others, include the atlas of ageing tissues in the mouse (Tabula Muris
Senis), the murine Liver Cell Atlas, Human Lung Cell Atlas, and Mouse Kidney
Atlas (Guilliams et al., 2022; Novella-Rausell et al., 2023; Sikkema et al., 2023;
The Tabula Muris Consortium et al., 2020).

Large-scale scRNA-seq projects provide comprehensive cellular resolution,
enabling precise cell type annotation by capturing individual cells’ heterogeneity
and dynamic states within complex tissues. This high-resolution data facilitates
the discovery of novel cell types and rare subpopulations, enhancing our under-
standing of cellular functions, interactions, and their roles in health and disease
(Rood et al., 2024). Therefore, cell type annotation-related tasks are often a pri-
mary focus in scRNA-seq atlas projects. Annotations from projects like Tabula
Muris have been utilized as references for automated cell type annotation (Kim-
mel et al., 2019; The Tabula Muris Consortium et al., 2018, 2020).

2.2.6 Data re-analysis and reproducibility

Bioinformatics data re-analysis is essential for advancing scientific discovery and
ensuring reproducibility (Sielemann et al., 2020). Leveraging published data
repositories such as the Gene Expression Omnibus (GEO), ArrayExpress, and
others provide researchers access to extensive secondary analysis datasets. These
repositories facilitate the re-use of data for novel research questions and allow for
the cross-validation of findings and the refinement of computational methodo-
logies. The ability to re-analyze existing datasets enables the validation of prior
results and the identification of new biological insights, thereby enhancing the
reliability and depth of scientific conclusions.

The importance of metadata sharing cannot be overstated in this context
(Puntambekar et al., 2021; Sarfraz et al., 2024). Comprehensive metadata, en-
compassing details about experimental design, sample characteristics, and data
processing techniques, is essential for the accurate interpretation and reproduci-
bility of datasets (Fiillgrabe et al., 2020). This practice enables other researchers
to understand the experimental nuances, replicate studies, and integrate data ac-
ross different studies. Code sharing in bioinformatics further improves repro-
ducibility and transparency. The open dissemination of code used for data ana-
lysis enables the scientific community to replicate analytical workflows, validate
computational methods, and extend existing research (Abdill et al., 2024; Cad-
wallader et al., 2022). In single-cell omics, where intricate computational pipe-
lines are often employed, sharing code is critical for verifying the procedures
underlying scientific findings. Platforms like Zenodo and GitHub facilitate code
sharing and collaborative development. By promoting the open exchange of data,
metadata, and code, the bioinformatics field fosters a culture of transparency and
collaboration, thereby enhancing the robustness and reproducibility of scientific
research (Cokelaer et al., 2023).
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2.3 Biological aging
2.3.1 Theories of aging

Aging is a complex biological process marked by a gradual decline in physio-
logical function, increased susceptibility to disease, and mortality. Theories of
aging generally fall into two categories: error accumulation theories and pro-
grammed aging theories (Lipsky & King, 2015). Error theories suggest that aging
arises from random cellular damage or errors, such as somatic mutations, DNA
sequence loss, protein synthesis errors, or oxidative damage (Harman, 1992;
Medvedev, 1972; Orgel, 1963; Szilard, 1959). In contrast, programmed theories
propose that aging is genetically regulated, potentially as an evolutionary adap-
tation, through delayed effects of harmful genetic programs, or pleiotropic genes
with age-specific trade-offs (Blagosklonny, 2013; Williams, 1957). A distinction
must be made between the genetic determinants of the aging process and those
that influence longevity (Hayflick, 2007). Evidence for the latter in model orga-
nisms, such as mice, shows that specific genes influence longevity and healthspan
(Bou Sleiman et al., 2022; Z. Zhang et al., 2023).

2.3.2 Hallmarks of aging

Lopez-Otin and colleagues proposed the hallmarks of aging, a comprehensive
framework that organizes the biological processes contributing to the gradual
decline in cellular and organismal function over time (Lopez-Otin et al., 2013,
2023). The hallmarks of aging are broadly categorized into primary, antagonistic,
and integrative (Figure 3). Primary hallmarks are the underlying causes of cellular
damage, including genomic instability, telomere attrition, epigenetic alterations,
and loss of proteostasis. Antagonistic hallmarks, such as deregulated nutrient
sensing, mitochondrial dysfunction, and cellular senescence, reflect the body’s
compensatory responses to damage but can become harmful when dysregulated.
Integrative hallmarks are the combined effects of primary and antagonistic hall-
marks, leading to stem cell exhaustion and chronic inflammation. The hallmarks
of aging are closely linked to the hallmarks of health, which encompass processes
that maintain physiological integrity and resilience (Lopez-Otin & Kroemer,
2021). For example, the integrity of barriers, such as intracellular membranes, is
crucial for protecting against environmental insults and pathogens; however,
genomic and epigenomic instability can compromise this integrity (Kelley et al.,
2011).
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Figure 3. Hallmarks of aging categorized into primary, antagonistic, and integrative
processes. Primary hallmarks, including genomic instability, telomere attrition, epigene-
tic alterations, and loss of proteostasis, are the root causes of cellular damage. Anta-
gonistic hallmarks, such as mitochondrial dysfunction, cellular senescence, deregulated
nutrient sensing, and disabled macroautophagy, act as responses to damage. Integrative
hallmarks, including stem cell exhaustion, altered intercellular communication, chronic

inflammation, and dysbiosis, drive functional decline and organismal aging. Figure from
Lépez-Otin et al., 2023 (© 2022 Elsevier Inc.)

Furthermore, there is a strong connection between the hallmarks of aging and the
development of age-related diseases. Many of the same molecular pathways that
drive aging also contribute to the onset and progression of diseases such as cancer,
neurodegenerative disorders, cardiovascular diseases, and metabolic conditions
(Blank & Bellizzi, 2008; Donato et al., 2018; Hou et al., 2019). For example,
shorter telomeres can reduce the regenerative capacity of certain cells, diminishing
the ability to repair tissues (X. Zhang et al., 2022). This decline in regenerative
ability can lead to tissue remodeling and increase the risk of conditions such as
fibrosis or emphysema (Alder & Armanios, 2022). In addition, methylation
patterns have been demonstrated to be predictive of age across various species
and can also serve as indicators of mortality risk (A. T. Lu et al., 2019, 2023).
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2.4 Aging immunity
2.4.1 Components of immune system

Broadly, the mammalian immune system can be divided into innate and adaptive
immunity. Innate immunity protects the organism by mounting a rapid response
to pathogens. It includes various cells, such as macrophages, neutrophils, dend-
ritic cells (DCs), and natural killer (NK) cells, as well as the complement systems
and barrier immunity components. The innate immune response is non-specific
and provides a broad defense against various pathogens through mechanisms like
phagocytosis and the release of antimicrobial substances (Turvey & Broide,
2010). This system recognizes common pathogen-associated molecular patterns
and quickly responds to eliminate invading pathogens. The innate immune cells,
such as macrophages, have a vital role in tissue repair and cellular debris clea-
rance (Murray & Wynn, 2011).

On the other hand, adaptive immunity develops a targeted response to specific
pathogens. B cells produce antibodies that bind to and neutralize pathogens and
activate the complement system (Nothelfer et al., 2015). Upon activation, T cells
can coordinate immune responses by releasing cytokines that activate other im-
mune cells, directly kill infected cells, and help maintain immune tolerance and
prevent autoimmune responses (Dong, 2021; Golstein & Griffiths, 2018; Mohr et
al., 2018). In contrast to innate immunity, adaptive immunity also has a memory
component, allowing the immune system to respond more efficiently upon sub-
sequent exposures to the same pathogen. This memory aspect is the basis for the
effectiveness of vaccines, which prepare the adaptive immune system to fight
specific infections by introducing antigens in a controlled manner, leading to
long-term immunity (Cobey, 2024).

Interactions between innate and adaptive immunity are critical in mounting a
robust immune response, with antigen presentation as a conduit between the two
subsystems (Cherrier et al., 2020). Through cells such as DCs and macrophages,
the innate immune system initially recognizes and engulfs pathogens. These cells
process the foreign antigens and present them on their surface using major histo-
compatibility complex (MHC) molecules. DCs, in particular, migrate to lymphoid
organs, where they interface with the T cells. The MHC-antigen complex is re-
cognized by T cell receptors (TCRs), thus activating them (Lever et al., 2014).
This activation is essential for the clonal expansion and differentiation of T cells
into effector cells, which then coordinate a targeted immune response. Further-
more, co-stimulatory signals and cytokine secretion enhance the interaction
between innate antigen-presenting cells (APCs) and T cells, ensuring a precise
and effective adaptive immune response (Dong, 2021). The interactions highlight
the necessity of close collaboration between adaptive and innate immunity, pro-
moting a comprehensive defense mechanism against pathogens.
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2.4.2 Immunosenescence

The central role of immunity in aging was recognized in the 1960s by Roy Wal-
ford (Walford, 1964). He introduced the term “immunosenescence”, which refers
to the gradual decline of the immune system associated with aging. This process
impacts both the innate and adaptive branches of the immune system, leading to
increased susceptibility to infections and autoimmune diseases, as well as re-
duced efficacy of vaccinations in older adults (Liu et al., 2023). Aging is as-
sociated with functional defects and inefficiencies across multiple immune cell
subsets, including T cells, B cells, macrophages, and other cells, contributing to
a significant decline in the overall immune response (Simon et al., 2015). This
decline compromises the body’s ability to mount effective defenses against patho-
gens and to maintain immune homeostasis (Kennedy et al., 2016; Zinatizadeh et
al., 2023).

Aging is linked to the alterations in hematopoietic stem cells (HSCs) and con-
current changes in the bone marrow microenvironment (De Haan & Lazare, 2018;
Ho & Méndez-Ferrer, 2020). As the hematopoietic system ages, the differen-
tiation potential of HSCs declines, resulting in changes in the production of
multiple immune cell types. Studies in mice have indicated that even in middle-
aged animals, there is already a pronounced bias toward the myeloid lineage in
hematopoietic differentiation (Konturek-Ciesla et al., 2023; K. Young et al.,
2021). The lineage tracing and scRNA-seq experiments carried out by Konturek-
Ciesla and colleagues showed that this bias arises at the level of the primitive
lymphoid-primed multipotent progenitor cells, which are depleted in aged ani-
mals (Konturek-Ciesla et al., 2023).

Aging is also associated with chronic low-grade inflammation, termed inflam-
maging, marked by the continuous release of pro-inflammatory cytokines and
other immune mediators (Franceschi et al., 2000; Fiilop et al., 2019). Unlike acute
inflammation, which is a response to infection or injury, inflammaging represents
a persistent, systemic state of immune activation independent of invading patho-
gens. The pro-inflammatory factors characteristic of inflammaging include
various interleukins (ILs), which are cytokines that play a role in regulating im-
mune responses, such as IL-1, IL-6, IL-8, IL-13, and IL-18, as well as C-reactive
protein, interferons (IFN-a and IFN-B), transforming growth factor-beta, tumor
necrosis factor, and others (Ferrucci & Fabbri, 2018). Inflammation is a high-cost
trait, and its benefits are most significant early in life, while the costs (resulting
from the chronic inflammatory process) are often delayed until later life when
they have less impact on reproductive success, exemplifying antagonistic pleio-
tropy (Okin & Medzhitov, 2012).
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2.4.3 Innate immunity ageing

Aging affects the function and composition of both innate and adaptive immune
cell compartments by altering the number, diversity, and efficiency of these cells.
This can lead to a diminished immune response and increased susceptibility to
infections due to changes in such innate populations as monocytes, macrophages,
NK cells, and others. Hematopoiesis in aging is associated with a shift in output,
favoring the production of myeloid lineage cells over lymphoid lineage cells, a
phenomenon referred to as myeloid bias (Pang et al., 2011). In this process, mye-
loid lineage is increasingly favored, contributing to a decline in adaptive immune
function and an increase in myeloid cell-related pathologies, such as chronic in-
flammation and myeloid malignancies, as observed in elderly populations (Chung
& Park, 2017).

Monocytes circulate in the bloodstream and historically were defined as pre-
cursor cells that can differentiate into macrophages or myeloid-derived DCs.
However, they are no longer viewed merely as immature precursors but as distinct
cell types that can rapidly exert effector function (Guilliams et al., 2018). Re-
search in humans has revealed changes in both the composition and function of
peripheral monocytes. Hearps and colleagues found that the proportion of inter-
mediate and non-classical monocytes increases with age, with impaired function
evidenced by reduced phagocytic activity (Hearps et al., 2012). Recently, Reit-
sema and colleagues discovered a higher frequency of classical and non-classical
monocytes in the peripheral blood of the elderly, accompanied by increased ex-
pression of activation markers in classical and intermediate monocytes (Reitsema
et al., 2024). The proportion of classical monocytes in the airways of adult donors
was previously found to be higher than in children but declines with advanced
age (Byrne et al., 2020). Studies of tissue-resident macrophages in mice have
also demonstrated a functional decline in this population (Kelly et al., 2007;
McQuattie-Pimentel et al., 2021).

DCs are antigen-presenting immune cells crucial for initiating and regulating
the body’s adaptive immune response (Cabeza-Cabrerizo et al., 2021). DC sub-
sets also experience alterations in abundance and function as they age. A lower
proportion of plasmacytoid dendritic cells (pDCs) was observed in the peripheral
blood of older donors compared to young individuals (Reitsema et al., 2024). The
investigation into impaired humoral responses to vaccination in older adults re-
vealed defects in conventional dendritic cells type 2 (cDC2) caused by decreased
type 1 interferon signaling (Stebegg et al., 2020).

NK cells are innate lymphoid cells essential for the body’s defense against
tumors and virally infected cells (Lam & Lanier, 2017; Shimasaki et al., 2020).
Like the alterations observed in other innate immune cells mentioned earlier, the
NK compartment also experiences remodeling with aging. It has been observed
that aging is associated with a reduction in the CD56"€" subset and a simultaneous
increase in the CD56™" NK cells (Campos et al., 2014; Chidrawar et al., 2006;
Solana et al., 2014).
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2.4.4 B cell ageing

B cell-mediated immunity undergoes pronounced changes with aging, charac-
terized by the diminished response to pathogens and vaccines, which compro-
mises the body’s ability to mount effective immune responses in older adults.
Studies in mice showed a notable reduction in the number of B cell precursors,
highlighting the impact of aging on the early stages of B cell development (Alter-
Wolf et al., 2009). A decrease in the number of B cell precursors has also been
observed in studies of human bone marrow (McKenna et al., 2001). Alterations
in peripheral cell type composition also mark B cell aging. Recent study of human
PBMCs have demonstrated an increase in the proportion of memory B cells,
accompanied by a decrease in peripheral naive B cells (Jalali et al., 2022). In
addition, as organisms age, B cells acquire intrinsic defects that impair their abi-
lity to mount effective defenses against invading pathogens. Studies in mice and
humans revealed that the expression of activation-induced cytidine deaminase is
reduced in B cells with aging, which negatively affects the ability to generate
high-affinity antibodies through somatic hypermutation (Frasca et al., 2004,
2008).

Atypical B cells (also referred to as aging-associated B cells, or ABCs), are a
subset of B lymphocytes that increase with age in mice and are linked to auto-
immunity in humans (Cancro, 2020). Characterized by the expression of T-bet
and CD11c, ABCs rely on TLR7 or TLR9Y signaling for their development. In
autoimmune-prone mouse strains, ABCs emerge earlier and exhibit more pro-
nounced expansion, with TLR7 driving their proliferation (Nickerson et al., 2023;
Rubtsov et al., 2011). Comparable subsets of CD11¢” B cells in human blood
share similarities with murine ABCs (Dorfman et al., 2004; Johrens et al., 2006).
Elevated ABC levels have been observed in patients with autoimmune diseases
such as systemic lupus erythematosus and rheumatoid arthritis, reinforcing their
association with autoimmunity (Holla et al., 2021; McGrath et al., 2024). Studies
show that TLR9 or TLR7 activation primes B cells for ABC differentiation, with
subsequent cytokine signals like IFN-y or IL-21 promoting this fate (Naradikian
etal., 2016). Evidence suggests that ABCs arise through antigen-driven responses
requiring T cell help and germinal center involvement, with somatic mutations
and diverse immunoglobulin gene usage consistent with their germinal center
origin (Russell Knode et al., 2017).

2.4.5T cell ageing

The thymus is a crucial part of adaptive immunity as it plays an integral role in
the development and maturation of T lymphocytes. Aging is associated with
thymic involution, a process in which the thymus progressively decreases in size
and function, leading to a decline in the production of naive T lymphocytes and
impacting immune system efficacy (Palmer et al., 2018). In humans, the export
rate of naive T cells from the thymus reaches its highest point at one year of age,
then rapidly decreases until eight years old, after which it continues to decline
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gradually until the age of twenty (Bains et al., 2009). Studies in mice showed
noticeable morphological changes in the thymus observed at four weeks of age,
such as cortical thinning and the merging of medullary islands, which paralleled
changes in the cellularity of thymocytes and thymic epithelial cells (Baran-Gale
et al., 2020).

The impact of reduced thymic activity on maintaining a naive T cell com-
partment is highly species-specific, with young mice relying heavily on thymic
output for T cell production. In contrast, in young adult humans, most T cells are
generated through peripheral proliferation rather than thymic activity (Goronzy
& Weyand, 2019). In humans, homeostatic proliferation maintains a sufficient
number of naive CD4" T cells, whereas the decline in circulating naive CD8" T
cells with age is more pronounced and is a marker of immune aging in healthy
older adults (Duggal et al., 2018; Thome et al., 2016).

As individuals age, T cells also accumulate intrinsic defects that result in a
diminished ability to respond to antigens and contribute to a decline in overall
immune function. Studies of aged T cells point to mitochondrial dysfunction
marked by dysregulation of oxidative phosphorylation and energy metabolism
(Bektas et al., 2019). In mice, dysfunctional mitochondrial transcription factor A
(TFAM) leads to premature aging and various aging-associated defects, along
with the onset of chronic inflammation (Desdin-Mic6 et al., 2020). Mitochondrial
reactive oxygen species (ROS) in human CD8" T cells are correlated with telo-
mere length which further emphasizes the role of mitochondria in T cell aging
(Sanderson & Simon, 2017). The ROS-induced damage is further exacerbated by
reduced autophagy, a decline in the cellular process responsible for removing
damaged mitochondria and other cellular debris (A. J. Clarke & Simon, 2019).

Cellular senescence is characterized by a permanent state of cell cycle arrest,
altered phenotype, and a pro-inflammatory secretory profile, contributing to
tissue dysfunction and aging. T cell senescence becomes a significant factor in
the decline of immune function. In T cells, senescence manifests as reduced pro-
liferative capacity, CD27 and CD28 expression loss, shorter telomere length,
increased apoptosis, and increased expression of inhibitory receptors like KLRG1
(Akbar et al., 2016). One notable T subset that exhibits senescent cell features is
the terminally differentiated effector memory T cells re-expressing CD45RA
(Temra cells). Temra cells accumulate with age and are characterized by loss of
TCR signaling and increased expression of NK cell receptors and cytotoxicity
molecules (Pereira et al., 2020; Quinn et al., 2018). Interestingly, CD4" Temra
cells maintain higher mitochondrial content than CD8" counterparts, enabling
greater metabolic flexibility and enhanced proliferation and migration (Callender
et al., 2020).

2.4.6 CMV and immunosenescence

Chronic infections in aging significantly impair immune function, reducing the
individual’s ability to respond to new infections and establish immunological
memory (Ripa et al., 2017). This prolonged immune response induces exhaustion
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and senescence in immune cells, compromising their functionality (Utzschneider
et al., 2020). Chronic infections promote clonal expansion of specific T cell popu-
lations, thereby reducing their repertoire diversity and impairing the immune
system’s capacity to respond to novel antigens effectively (Schober et al., 2018).
These immunological alterations contribute to the overall decline in immune
competence observed in the elderly.

CMYV is a ubiquitous herpesvirus that establishes lifelong latency following
primary infection, often remaining asymptomatic in healthy individuals. CMV
seroprevalence varies globally, with an estimated 66% in the European region
and up to 90% in the Eastern Mediterranean region (Zuhair et al., 2019). CMV
has the ability to manipulate host immune responses, for example, by under-
mining NK activating receptors or hampering antigen presentation (Berry et al.,
2020). Although CMYV infection is generally asymptomatic due to the immune
system’s ability to contain the virus, it can still trigger a chronic inflammatory
response, potentially leading to long-term adverse effects (Garcia-Torre et al.,
2021).

Memory inflation of T cells is a phenomenon where specific T cell popula-
tions, especially in response to persistent infections like CMV, expand and main-
tain high frequencies over time (Kim et al., 2015; Snyder et al., 2011). Unlike
typical memory T cells, which contract after infection clearance, these inflated T
cell populations persist in large numbers due to ongoing antigen stimulation,
potentially compromising the immune response to new infections.

2.5 Autoimmune polyendocrine syndrome type 1

2.5.1 Disease origins and clinical manifestations

Autoimmune Polyendocrine Syndrome Type 1 (APS-1), also known as Auto-
immune Polyendocrine Syndrome Type 1 (APECED), is a rare recessively in-
herited autoimmune disorder caused by mutations in the autoimmune regulator
(AIRE) gene. The AIRE gene encodes a transcriptional regulator crucial for es-
tablishing central immune tolerance. This protein is primarily expressed in
medullary thymic epithelial cells (mTECs), where it promotes the ectopic ex-
pression of various tissue-specific antigens, a process vital for the negative selec-
tion of autoreactive T cells. Symptoms of APS-1 typically appear during child-
hood or adolescence. The prevalence of APS-1 is higher in certain isolated popu-
lations, such as Finns, Iranian Jews, and Sardinians, compared to the general
population (Husebye et al., 2009).

The diagnosis is typically based on the presence of at least two components
out of the classical triad (Whitaker’s triad): chronic mucocutaneous candidiasis,
adrenal insufficiency, and hypoparathyroidism. Other manifestations are also re-
cognized, including primary ovarian failure, type 1 diabetes, enamel hypoplasia,
alopecia, vitiligo, and autoimmune hepatitis, with patients having five compo-
nents, on average. The mortality rates are significantly increased (up to 10-fold)
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in APS-1 patients compared to general population with endocrine diseases having
the highest rates. APS-1 is also characterized by high levels of autoantibodies
(aAbs), and their presence can be used for diagnostic and prognostic purposes.
Most commonly, patients possess autoantibodies (aAbs) targeting type I inter-
ferons as well as cytokines specific to T helper 17 (Th17) cells, which play a
critical role in orchestrating inflammatory responses (Fishman et al., 2017,
Orlova et al., 2017). The aAbs against interferon alpha (IFN-a) are most com-
monly shared between the APS-1 patients, however, many patients possess a
unique aAbs repertoire (Fishman et al., 2017).

2.5.2 Central tolerance and AIRE

Central tolerance is an essential process for maintaining immune homeostasis by
eliminating autoreactive immune cells (L. Klein & Petrozziello, 2024). Dys-
regulation of this process can lead to autoimmune diseases, such as APS-1, as
autoreactive T cells escape central selection, infiltrate peripheral tissues, and
cause immune-mediated pathology. The selection of T cells in the thymus ensures
the development of a diverse yet self-tolerant T cell repertoire, vital for effective
immune responses. Early T cell progenitors originate from HSCs and, upon
entering the thymus, undergo TCR gene rearrangement through V(D)J recombi-
nation, creating a diverse range of TCRs capable of recognizing numerous antigens.

Positive selection occurs in the thymic cortex, where cortical thymic epithelial
cells (cTECs) present antigens to developing thymocytes, ensuring that only T
cells with functional TCRs capable of recognizing peptide-MHC complexes sur-
vive (Figure 4). Thymocytes that fail to interact successfully with cTECs undergo
apoptosis. Surviving single-positive thymocytes then migrate to the thymic
medulla for negative selection, where mTECs present tissue-restricted antigens
(TRASs). Additionally, DCs and B cells also contribute to antigen presentation
during this stage, further aiding in the negative selection process (Hadeiba et al.,
2012; Yamano et al., 2015). Thymocytes with high reactivity to self-pMHC are
either induced to apoptosis or directed toward the Treg lineage (L. Klein et al.,
2019).

The role of AIRE in tolerance and autoimmunity has been recognized since its
discovery, as it was initially identified through studies analyzing data from APS-
1 patients (Aaltonen et al., 1997; Nagamine et al., 1997). There is evidence that
AIRE functions as a DNA-binding protein, as it forms dimers and tetramers
capable of binding to specific oligonucleotides (Kumar et al., 2001; Purohit et al.,
2005). Notably, AIRE exerts its regulatory function by forming a multiprotein
complex through interactions with partners such as CBP, P-TEFb, and DNA-PK,
among others (Liiv et al., 2008; Oven et al., 2007; Pitkédnen et al., 2000, 2005).
In the thymus, AIRE is expressed mainly in mTECs, where it controls the ex-
pression of TRAs (Chen et al., 2008; Sin et al., 2023; Sousa Cardoso et al., 2006).
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Figure 4. The role of AIRE in thymic selection. AIRE regulates the expression of tissue-
restricted antigens in the thymus, promoting the negative selection of T cells. Through
this process, self-reactive T cells are either directed toward the Treg lineage or undergo
apoptosis. In APS-1 patients, defects in AIRE lead to a failure of effective negative selec-
tion.

2.5.3 Peripheral T cells in AIRE deficiency

Given the significant impact of AIRE deficiency on the development of conven-
tional and regulatory T cells, there is considerable interest in understanding the
downstream effects of impaired thymic function in APS-1. Studies in transgenic
AIRE-deficient mice and rats have shown that a lack of AIRE leads to lympho-
cyte infiltration in the periphery (Hubert et al., 2009; Ossart et al., 2018). In both
models, an increase in CD25" activated T cells was observed, while no significant
differences were noted in other T cell subsets across various organs. Data on
peripheral T cell subsets in APECED patients is more limited compared to the
information available from animal models of the disease. In the peripheral blood
of APS-1 patients, an increase in cells with an effector phenotype has been reported,
accompanied by dysregulation of the IL7-IL7R pathway (Laakso et al., 2011).

Notable differences were observed in the CD4" T cell compartment of APS-1
patients compared to healthy individuals. Reports on the frequency of various
conventional CD4 T cell subsets are limited. One group reported no changes in
the Thl, Th2, and Th17 subsets in APS-1 patients; however, they observed an
increase in cells with an effector phenotype and a decrease in naive cells (Heikkila
et al., 2016). More recently, a decrease in Thl precursors has been reported in
APS-1 patients (Sng et al., 2019). The frequency and phenotype of Treg cells in
peripheral blood have been reported to be altered in APS-1 patients. Treg cells
from APS-1 patients exhibit downregulation of FOXP3, the master regulator of
Treg cell identity (Kekéldinen et al., 2007; Laakso et al., 2010). These intrinsic
cellular changes are also accompanied by an overall decrease in the number of
Tregs in circulation (Sng et al., 2019; Wolff et al., 2010).
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3 SUMMARY OF THE LITERATURE REVIEW

The role of single-cell genomics in advancing our understanding of immunity in
health and disease contexts is increasingly recognized. This technology enables
the identification of biomarkers for various immune-related conditions. By pro-
viding high-resolution insights into cellular heterogeneity, single-cell genomics
allows for a more detailed exploration of immune system functions and dys-
functions. Bioinformatics plays a crucial role in processing and analyzing the high-
dimensional data generated by single-cell technologies, enabling researchers to
interpret complex cellular behaviors and interactions. This has led to significant
breakthroughs in understanding immune responses in various diseases and has
improved our ability to track changes in immune cells over time. Despite these
advancements, substantial gaps in knowledge and technical challenges remain.

The use of single-cell genomics in specific contexts, such as APS-1, is still
limited, and further investigation is needed. Analyzing novel scRNA-seq datasets
could significantly advance our understanding of the mechanisms underlying the
breakdown of immune tolerance in this disease, offering detailed insights into the
cellular and molecular interactions involved. Similarly, our knowledge of immu-
nity at the intersection of CMV infection and aging remains incomplete, with
single-cell approaches offering the potential to untangle the complex relationship
between chronic viral infections and immune senescence. Moreover, the quality
and reliability of aging biomarkers can be greatly enhanced through the large-
scale re-analysis of single-cell datasets, enabling the identification of more robust
and reproducible markers of immune aging. This could lead to a better under-
standing of immune decline and more precise interventions to address age-related
immune dysfunction.
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4 AIMS OF THE RESEARCH

This thesis focuses on two major aspects: benchmarking commercial scRNA-seq
technologies and the applications of scRNA-seq in immunology. The first part
presents a comprehensive evaluation, assessing the performance and limitations
of two high-throughput scRNA-seq assays to inform their use in research. The
second part explores the applications of scRNA-seq in immunology, uncovering
novel biomarkers associated with various conditions. Together, these efforts ad-
vance our understanding of both the technological capabilities and the biological
applications of scRNA-seq.
The specific aims were the following:
1. To conduct a comparative analysis of two commercial scRNA-seq assays for
studying the thymus, a complex organ central to immune function (Paper I).
2. To identify immune aging biomarkers that are reproducible across different
cohorts using published scRNA-seq aging datasets (Paper II).
3. To investigate the heterogeneity of CD8" Temra cells in the context of aging
and CMYV infection using a novel scRNA-seq dataset (Paper I1I).
4. To characterize the transcriptome of Tregs in APS-1 patients and compare it
to healthy controls using scRNA-seq data from peripheral blood (Paper IV).
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5 MATERIALS AND METHODS

5.1 Ethical approval

The study in Paper I was conducted in accordance with the permission from the
Ministry of Regional Affairs and Agriculture (Estonia) and approved by the
Animal Experiments Ethics Committee at the Ministry (Protocol No. 224). The
ethical permissions for studies included in Paper II were obtained by the original
authors. The study from Paper I1I was approved by the Ethics Review Committee
of Human Research of the University of Tartu (permissions no 272/T-12, 275M-
17, and 368/M-4).

The study from Paper IV was conducted with research permission HUS/1127/
2016, including ethical review board approval from the Helsinki University
Hospital Medical Ethical Review Board. The studies were conducted in accor-
dance with the local legislation and institutional requirements. The participants
provided their written informed consent to participate in this study.

5.2 Murine thymus data generation and processing
(Paper )

The thymi from two female C57BL/6N mice aged two months were isolated, and
each lobe was separated and processed separately as a technical replicate. Each
sample was divided equally and further processed by Chromium Next GEM
Single Cell 3° Reagent Kit v3.1 (10x Genomics; 10x_Al, 10x A2, 10x BI,
10x_B2) and Parse Evercode Whole Transcriptome (WT) kit v2 (Parse Bio;
parse Al, parse A2, parse Bl, parse B2), respectively. The four 10x Genomics
samples were multiplexed using TotalSeq™-B hashtag antibodies (BioLegend).
The Parse Bio samples were first fixed using the Fixation Kit (Parse Bio). The
samples were multiplexed and processed using the Parse WT kit as per manu-
facturer’s protocol. All libraries were sequenced as paired-end 150-bp reads using
the [llumina NovaSeq 6000 platform. The experimental design is summarized in
Figure 5.
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The 10x Genomics data FASTQ files were mapped to the mm10 mouse reference
(downloaded from the 10x Genomics website) using CellRanger software. For
Parse Bio data, we first generated an indexed genome using the mm10 mouse
reference downloaded from Ensembl. Next, we used the split-pipe tool from
Parse Bio to process files from each sub-library. The results from each sublibrary
were then combined into one gene expression matrix.

5.3 Public aging data collection and processing (Paper II)

We first performed a comprehensive literature review to identify the scRNA-seq
studies of PBMCs from old and young human donors (Figure 6). We selected
seven studies that matched our criteria and downloaded the gene expression
matrices from the Luo et al., Zhu et al., and Thomson et al. from the Gene
Expression Omnibus (accessions GSE157007, GSE213516, and GSE214546).
The raw sequencing data from Zheng et al., Hung et al., and Li et al. were ob-
tained from the National Genomics Data Center (accessions HRA000203,
HRAO000624, and HRA003766). The Mogilenko et al. raw data files were down-
loaded from Synapse (accession syn22255433).

Table 1. Cracteristics of published aging datasets from Paper II.

Ages  Ages Young Old Female Male Reference

young Old
GSE157007 23-27 72-100 2 6 3 5 (Luo et al., 2022)
GSE213516 28-40 60-77 5 7 7 5 (Zhu et al., 2023)
GSE214546 27-35 60-63 16 9 13 12 (Thomson et al., 2023)
HRA000203 20-40 60-70 7 5 5 7 (Y. Zheng et al., 2020)
HRA000624 20-30 60-80 10 10 10 10 (Huang et al., 2021)
HRA003766 23-25 61-63 3 3 6 - (J. Lietal., 2023)
syn22255433 2629 62-70 10 10 - 20 (Mogilenko et al., 2021)

The data for HRA000203, HRA000204, HRA003766, and syn22255433 studies
were obtained as FASTQ read files. Therefore, we first ran the CellRanger pipe-
line from 10x Genomics to perform the gene expression quantification. To this
end, we used the pre-built GRCh38 human reference obtained from 10x Geno-
mics. After acquiring the gene expression matrices for all the studies under inves-
tigation, we created a combined AnnData object using the Scanpy package. We
have also added the original metadata information to the AnnData object (Wolf
et al., 2018). The original age group definitions varied between studies, so we
applied additional sample exclusion criteria. For the young group, we excluded
samples from donors older than 40 years; for the old group, we included samples
from donors over 60 years. The final combined dataset contained gene expression
data from from 53 young and 50 old donors (Table 1).
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Figure 6. The PBMC ageing atlas study design. The gene expression data and sample
metadata were retrieved for seven aging human immune system studies.

5.4 Patient data generation and processing (Papers lli, 1V)

The CD8" Temra cells for Paper III were sorted as CCR7" CD45RAM cells.
The samples were barcoded using TotalSeq-B Hashtags (BioLegend) and com-
bined into two different reactions. For Paper III, Tregs were sorted as
CD4'CD25"CD127"°" cells. The cells for both Paper II and IIT were loaded onto
a Chromium controller and cDNA was generated using Chromium Next GEM
Single Cell 3> GEM, Library & Gel Bead Kit v3.1 and Chromium Next GEM
Chip G Single Cell Kit (both from 10x Genomics) according to the manu-
facturer’s protocol. The resulting gene libraries were sequenced on an [llumina
NovaSeq 6000 at Novogene.

The raw sequencing data were processed using the CellRanger pipeline with
the GRCh38 reference obtained from 10x Genomics. The scRNA-seq alignment
and quantification were performed on the Tartu University High-Performance
Computing Center Rocket cluster. In Papers I and III, the samples were demulti-
plexed using the HTODemux function from the Seurat package (Stuart et al.,
2019).

5.5 Quality control

A rigorous quality control procedure was implemented to ensure that only high-
quality cells were retained. Cells were evaluated based on the number of detected
UMIs and the percentage of mitochondrial gene expression. This approach en-
sured the exclusion of potential multiplets and low-quality cells from the analysis.
In all studies, plots displaying the quality control metrics were analyzed to deter-
mine the appropriate thresholds for excluding low-quality cells. These metrics
were assessed for each 10x Genomics reaction to ensure suitable thresholds were
selected for every batch.

38



In Papers 1 and II, additional quality control steps included computational
doublet detection using the scDblFinder R package (Germain et al., 2022; Xi &
Li, 2021). Ten independent runs were performed to account for the dependence
on random initialization in scDblFinder results. A cell was marked as a potential
doublet if it was flagged in more than half of the runs. High-confidence doublet
predictions were then manually reviewed using UMAP and gene expression plots
to check for isolated cell clusters, which indicated co-expression of markers from
different lineages (e.g., both T and B cell markers). This approach helped mini-
mize false-positive doublet assignments. Such clusters were excluded from
further analysis.

5.6 Data integration

Computational methods were applied to correct batch effects and address tech-
nical differences between batches. In Papers I, III and 1V, the Seurat R package
was used for data integration (Stuart et al., 2019). Seurat’s integration algorithm
leverages CCA to align datasets. First, it identifies shared sources of variation
between datasets by finding correlated gene expression patterns. Based on these
correlations, CCA projects these datasets into a shared low-dimensional space,
allowing for identifying cell pairs, or “anchors,” that link similar cells across data-
sets. These anchors are then used to integrate the datasets, correcting for batch
effects while preserving biological variation.

In Paper II, data integration was performed using the scvi-tools Python pack-
age (Lopez et al., 2018). This tool uses a deep neural network to learn a low-
dimensional latent representation of scCRNA-seq data, capturing the underlying
biological variability while correcting for batch effects. Gene expression matrices
from seven datasets were used as input, with batch labels and the percentage of
mitochondrial gene expression included as covariates to account for technical
differences. The resulting low-dimensional representation of the combined data-
set was then used for downstream tasks. Additionally, the Harmony R package
was employed to validate the scVI data integration in Paper II, ensuring the
robustness of the batch correction process (Korsunsky et al., 2019). Harmony
performs batch correction by taking cell coordinates from a PCA-reduced space
and iteratively adjusting for dataset-specific effects through fuzzy clustering,
calculating correction factors based on centroids, and applying a cell-specific
correction.
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5.7 Dimensionality reduction and clustering

In Paper II, the Scanpy Python workflow was utilized for data clustering and
visualization. The neighborhood graph was computed using the scV7 latent re-
presentation as the input. The UMAP embeddings were generated using the
umap-learn implementation, based on the computed neighborhood information
(Mclnnes et al., 2018). The clustering was performed on the scVI latent space
using Leiden algorithm (Traag et al., 2019). Similar procedures were followed in
Papers I, III and 1V, utilizing the Seurat R package.

5.8 Differential expression analysis

Differential expression analysis was performed using the Wilcoxon rank-sum
test. Significance thresholds were set at 0.25 for log-fold change and 0.05 for
FDR. In Paper II, the pseudobulk method was used to validate DE results. To this
end, the g/lmGamPoi R package was used (Ahlmann-Eltze & Huber, 2021).
Pseudobulk profiles for each cell type and sample were created, and profiles with
fewer than ten cells were excluded. Pseudobulk tests were conducted for cell
types with at least three pseudobulk profiles per age group. g:Profiler was used
for functional enrichment in Paper II, and Ingenuity Pathway Analysis was
applied in Paper IV (Kolberg et al., 2023).
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6 RESULTS

6.1 Comparative transcriptomic analyses of thymocytes
using 10x Genomics and Parse Bio scRNA-seq technologies
(Paper )

6.1.1 Parse Bio Exhibits Greater Variability in QC Metrics
Between Replicates Compared to 10x Genomics

We used mouse thymus as a model tissue to evaluate the performance of the 10x
Genomics and Parse Bio platforms and compare their quality control metrics for
capturing single-cell transcriptomes. We utilized thymi from two female C57BL/
6N mice (aged two months), with each mouse’s (biological replicates A and B)
thymic lobes treated technical replicates (1 and 2). After enzymatic digestion, the
four samples were split and processed separately using the 10x Genomics and
Parse Bio kits. Hereafter, the 10x Genomics samples are referred to as 10x_A 1,
10x_A 2,10x_B 1,and 10x_B_2. Similarly, Parse Bio samples were designated
as parse A 1, parse A 2, parse B 1, and parse B 2. The 10x Genomics
samples were further labelled using cell hashing and subsequently processed
using the 10x Genomics microfluidics device. The Parse Bio samples were first
processed with the cell fixation kit and the cells barcodes were added using the
split-pool barcoding.
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Approximately 3,000 cells per sample were targeted for collection using 10x
Genomics, and around 5,000 cells per sample for Parse Bio. To achieve this,
~5,100 cells per sample were loaded for 10x Genomics and ~19,200 cells for
Parse Bio. Following sequencing, an average of 3,477 cells per sample was re-
covered for 10x Genomics, with minimal inter-sample variability and a recovery
rate of 56.5% (Figure 7A; Tables S1,S2 in Paper 1). In contrast, an average of
10,460 cells per Parse sample was recovered, showing significant inter-sample
variability and a recovery rate of 54.4% (Figure 7A; Tables S1,S2 in Paper I).
Thus, 10x Genomics exhibited higher cell capture efficiency and more consistent
results across samples.

We analyzed UMI and detected gene count distributions per cell, common
quality control metrics in sScCRNA-seq analysis. Parse Bio data showed longer tails
in the violin plots compared to 10x Genomics, indicating more outlier cells with
high gene expression (Figures 7B, C). When comparing technical replicates, 10x
Genomics displayed no significant differences in UMI and gene counts, while
Parse Bio showed notable variation. Interestingly, the average percentage of
mitochondrial reads was slightly lower in 10x Genomics than in Parse Bio (Figure
7D). However, 10x Genomics had a much higher fraction of ribosomal gene
counts and a greater proportion of IncRNA counts (Figures 7E,F). Taken together,
these results show differences in technical metrics between 10x Genomics and
Parse Bio platforms, as well as highlight variability between samples and repli-
cates in Parse Bio data.

6.1.2 Parse Bio and 10x Genomics are enriched
for distinct sets of genes

We then examined the differences in captured genes between the datasets. Despite
similar sequencing depth, the Parse Bio dataset detected a larger number of
unique genes. Of the 16,390 genes shared between both platforms, 14,731 were
unique to Parse Bio, while only 578 were unique to 10x Genomics (Figure 8A).
We further investigated this difference in highly expressed genes, finding that
only 364 of the top 1,000 most expressed genes overlapped between the two
datasets (Figure 8B). In the 10x Genomics data, the most highly expressed gene
was the IncRNA Malatl, while in Parse Bio data, the top gene was the ribosomal
RNA Rni8s-rs5, with Malat1 ranking sixth (Figures 8C,D). Both datasets showed
high expression of mitochondrial genes, but these varied: 10x Genomics data
featured mt-Co3, mt-Atp6, mt-Col, and mt-Co2, while Parse Bio data included
mt-Rnrl and met-Rnr2. Interestingly, both platforms detected high expression of
Themis, a gene involved in T cell selection.
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6.1.3 Computational analysis identifies more doublets
in Parse Bio data

Doublets or multiplets arise when two or more cells are captured within a single
droplet, resulting in mixed or hybrid transcriptomic profiles. Including these agg-
regates in downstream analysis can lead to incorrect identification of rare cell
types, intermediate states, or specific transcriptomic signatures. In our study, we
used cell hashing for the 10x Genomics samples, allowing us to distinguish doub-
lets from single cells. Cells positive for more than one sample hashtag were iden-
tified as doublets and excluded from further analysis. Doublets accounted for
14% of the 10x Genomics dataset (Table 2). In contrast, the Parse Bio toolkit
lacks a comparable method for distinguishing doublets, as it does not use hashtags
for sample multiplexing. To address this, we applied the computational doublet
detection method in scDblFinder, which identifies doublets by comparing cells
against computationally simulated doublet profiles (Germain et al., 2022; Xi &
Li, 2021). Notably, doublets comprised 31% of the Parse Bio library (Table 2).

Table 2. Doublet detection results in 10x Genomics and Parse Bio.

10x Genomics Parse Bio
Total cells 13820 40415 (post QC)
HTO-negative 259 -
Singlets 11688 27990
Doublets 1873 12425
% Doublets 14% 31%

6.1.4 Parse Bio data has a considerable batch effect

We next investigated whether batch effects contributed to the significant variabi-
lity in detected gene and UMI counts across Parse Bio samples. Such technical
effects could interfere with downstream analyses, like cell type annotation or
differential expression analysis. We applied a standard scRNA-seq analysis work-
flow, including normalization, dimensionality reduction, and clustering, separa-
tely on the 10x Genomics and Parse Bio datasets. To assess batch effects, we
examined the alignment of samples on the UMAP plot. In the 10x Genomics data,
cells from both biological and technical replicates were well-aligned (Figure 9A).
However, in the Parse Bio data, the replicates formed distinct cell communities
(Figure 9B), which could lead to artificial clusters being mistaken for genuine
biological states. To address this, we performed batch effect correction to remove
variability between the Parse Bio replicates, and after data integration, the repli-
cates were well-aligned (Figure 9C).
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Figure 9. Batch effect exploration. (A) UMAP representation of 10x Genomics data
without batch effect correction, (B) UMAP representation of Parse Bio data without batch
effect correction, (C) UMAP representation of Parse Bio data with batch effect correction,
(D) Overlap in HVGs between samples, (E) KEGG pathways enriched in HVGs for each
sample.

We further explored the differences between replicates within each dataset. Most
scRNA-seq workflows reduce data dimensionality by selecting highly variable
genes (HVGs) in each sample. After performing this step, we compared the
selected HVGs across replicates and platforms. The overlap of HVGs between
the two technologies was lower than the overlap within each platform (Figure 9D).
In the 10x Genomics samples, pairwise HVG overlaps were consistent, while one
Parse Bio sample (parse_ A 1) showed fewer shared HVGs with other Parse Bio
samples. We then conducted KEGG enrichment analysis on the HVGs from each
sample. Gene ontology analysis revealed similar pathway representation across
both 10x Genomics and Parse Bio, with enrichment for the same biological
processes (Figure 9E). The only notable difference was in the “Apoptosis” pathway,
which had a slightly lower score in Parse Bio samples compared to 10x Genomics.
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6.1.5 10x Genomics is more sensitive
to lineage-defining genes than Parse Bio

Single-cell datasets often contain a variety of cell types and subsets, making de-
tailed cell type and state annotation a crucial step in scRNA-seq analysis. To
begin, we analyzed the expression levels of Cd3d, Cd4, and Cd8a in the unsuper-
vised clustering of both 10x Genomics and Parse Bio data, as these markers are
key for T cell identification (Figures 10A,B). A striking difference in marker gene
expression was observed between the datasets (Figure 10C). In the 10x Genomics
data, Cd3d was consistently and highly expressed across nearly all clusters, while
in the Parse Bio data, Cd3d expression was undetectable in any cluster. A similar
pattern was noted for Cd3g, which appeared in fewer clusters and at lower levels
in the Parse Bio data compared to 10x Genomics.
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Figure 10. T marker gene expression in 10x Genomics data and Parse Bio. UMAP
representation and clustering of (A) 10x Genomics and (B) Parse Bio data. (C) Com-
parison of T marker gene expression between 10x Genomics and Parse Bio.
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6.1.6 10x Genomics resolves thymocyte populations
better than Parse Bio

We next grouped the clusters according to the stages of thymic differentiation
based on the expression of Cd4 and Cd8a genes (Figures 11A-D). These are re-
presented by double-negative (DN; Cd4 Cd§’), double-positive (DP; Cd4"Cd§8"),
and single-positive (SP; Cd4"Cd8 and Cd4 Cd8") cell populations. In the 10x
Genomics data, we identified a Cd3d"Cd4 Cd8a cluster that could be annotated
as DN thymocytes. This cluster had a high //2ra (CD25) expression, a marker of
DN cells. Next, we analyzed the Parse Bio data and found that major thymocyte
populations were congruent with the 10x Genomics data.

We then annotated all Cd3d"Cd4 Cd8a™ clusters in the 10x Genomics data.
The DP group was subdivided into proliferating (DP-P) and recombining (DP-R)
populations based on the expression of genes associated with the cell cycle
(MKi67, Top2a) and V(D)J recombination (Rag!), respectively. The third stage in
the differentiation was a DP undergoing selection cluster (DP-S) representing
thymocytes in the post-recombination positive selection stage (7ox). In addition,
we observed a DP apoptotic cluster (DP-A) that was enriched in mitochondrial
gene expression. We used the same markers to annotate DP-P, DP-R, and DP-S
thymocyte subsets in the Parse Bio data. However, we did not observe a DP-A
cluster in the Parse Bio dataset, as there were no cell communities with a pro-
nounced increase in mitochondrial gene expression. The SP clusters represent the
end stage of thymocyte development and have mutually exclusive Cd4 and Cd8a
expression patterns. In 10x Genomics data, we identified the Cd3d " Cd4"Cd§ SP-
CD4 and Cd3d"Cd4 Cd8a™ SP-CDS populations, and these were also distinguish-
able in the Parse Bio data.

The remaining clusters were identified as APC and other CD3" cells in 10x
Genomics data based on distinct Cd3d expression level and MHC-II related
genes. However, we could not identify these clusters in Parse Bio solely by Cd3-
related gene expression. We annotated the APC cluster in Parse Bio by expression
of Cd4, Cd8a, and MHC-II related genes but other CD3" cells could not be an-
notated due to a lack of distinct Cd3d or Cd3g gene expression in the clusters. We
wondered whether we could leverage the 10x Genomics data annotations to iden-
tify the similar clusters and proportions in Parse Bio data. For this, we trained a
classifier on 10x Genomics gene expression values and annotations and obtained
predictions for the Parse Bio data. Based on this model, we could accurately
annotate the minor thymocyte population, other CD3", in Parse Bio data.
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Figure 11. Cell type annotation. UMAP (A) and marker genes (B) of 10x Genomics
data, UMAP (C) and marker genes (D) of Parse Bio data. Proportion of cells in 10x
Genomics (blue) and Parse Bio (purple) in replicates (E) A 1, (F) A 2,(G) B 1, and (H)
B 2.
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6.1.7 Differences in cell type proportions between
10x Genomics and Parse Bio

Next, we studied the proportion of thymocyte cell types identified using each
technology. The DP-R, DP-S, and SP-CD4 proportions were relatively consistent
between the technologies and replicates (Figures 11E-H), indicating similar
detection efficiency for these subpopulations. However, we noticed significantly
fewer SP Cd8" cells in the Parse Bio data across all replicates compared to the
10x Genomics data. Conversely, Parse Bio detected a higher proportion of DP-P
cells than 10x Genomics. Taken together, these findings highlight differences in
cell subpopulation detection between the 10x Genomics and Parse Bio kits, which
may reflect platform-specific biases in capturing certain cell types.

6.1.8 RNA velocity shows agreement in thymocyte trajectory
between the two datasets

Thymocyte turnover is characterized by a continuous influx of progenitor cells,
their differentiation or apoptosis, and eventual exit from the thymus, providing
an ideal setting for benchmarking computational tools to study developmental
dynamics. We conducted RNA velocity analysis, leveraging the ratio of spliced
to unspliced transcripts to assess whether both technologies capture this dynamic
information. In 10x Genomics data, 58% of transcripts were spliced and 39%
were unspliced, with 3% categorized as ambiguous (Figure 12A). In contrast,
Parse Bio data exhibited an inverted ratio, with 47% spliced and 53% unspliced
transcripts (Figure 12C). We further assessed whether the velocity vector fields
and latent time reflected thymocyte developmental trajectories, finding that DP-
R cells exhibited the highest latent time values in both datasets (Figure 12B, D).
The velocity vectors were directed toward DP cells and away from SP and DP-P
populations, consistent with expected developmental transitions.
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