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     Abstract 

 

Postnatal human brain maturation from birth to early adulthood represents a period of 

susceptibility for neuropsychiatric risk. While temporal gene expression dynamics over this 

period have been studied extensively, there are no studies exploring the paediatric brain at 

single cell resolution. To address this, we present the first paediatric brain cell atlas 

comprising of 6 single nucleus RNA sequencing (snRNA-seq) datasets generated from ante-

mortem human brain tissue samples obtained during elective surgeries to treat epilepsy. 

To complement these, we included 6 snRNA-seq datasets from adult brain tissue. The 12 

samples are all of temporal cortex origin and were produced using the 10X Genomics Single 

Cell 3' gene expression analysis kits. The datasets were processed using an optimised 

pipeline and the nuclei were annotated into various cell types using the Allen Institute’s 
middle temporal gyrus dataset as a reference. A novel machine learning method was 

applied to the annotated datasets to identify combinations of marker genes capable of 

distinguishing each cell type. Based on this, several minimal marker genes were identified 

which were shared between paediatric samples and not adults or vice versa. Three different 

tools were used to identify genes changing in their level of expression with age within each 

cell type. This revealed hundreds of differentially expressed genes (DEGs), with numerous 

DEGs being unique to specific cell types and subtypes. From these analyses, two long non-

coding RNAs of interest were selected for further in silico characterization which revealed 

putative functions for these genes. Overall, we have provided a resource which can be 

interrogated further to explore differences between paediatric and adult samples at the 

gene expression and cell level. This may promote an expansion in our understanding of 

brain maturation and brain diseases. 
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Chapter 1: Introduction 

 

1.1. Human brain maturation: an exquisite work in progress 

It goes without saying yet serves as an important reminder among paediatric healthcare 

practitioners that children are not merely small adults. Indeed, this observation is easily 

recognisable if one examines the everyday behaviour of a child – playful and unfiltered – 

which often stands in contrast to that of an adult. Less easily discerned however are the 

underlying mechanisms in the central nervous system governing the wealth of differences 

that distinguish children from adults. Nonetheless, owing to over half a century’s worth of 
research, a developing picture of the maturing human brain has emerged which captures 

the phenotypic characteristics and events that define the brain at various stages of 

postnatal development1,2. To begin to understand this picture, it is useful to construct a 

hierarchy describing how information is organised in the brain (Fig 1.1).  

 

Figure 1.1. The brain as a hierarchy of information. The precise spatiotemporal regulation of micro and 

macromolecules gives rise to various cell types, subtypes, and cell states, which are themselves regulated in 

time and space to give rise to the structural and functional patterning of the brain.    

The brain is comprised of cells (approximately 171 billion3), which are themselves 

comprised of an outstanding diversity of molecules. Ultimately, brain functions such as 

synaptic plasticity are underpinned by brain structure such as synaptic connections. For 

brain structure to arise, various populations of diverse cell types must interact, with each 

broad cell type usually comprising an array of cell subtypes or substates such as layer 1 

excitatory neurons or activated microglia. While the identities of these cells have 

historically been defined by their varied morphologies4, it is now well established that any 

given brain cell can be more accurately classified according to the set of molecules present 
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at a particular time in conjunction with other properties such as electrophysiology and 

morphology5–7. Thus, it can be thought of that the spatiotemporal activity of all molecules 

in a cell specifies that cell’s identity and the spatiotemporal activity of all cells gives rise to 
brain structure and function.   

The brain begins to develop at just 20 days post conception2, starting with the formation of 

the neural tube which gives rise to the brain, spinal column, and the ventricular system of 

the brain, a structure required for the supply of nutrients and removal of waste, to and from 

the brain, respectively8. By the end of gestational week 8, the primary foundation of the 

brain has been laid down with the head of the embryo divided into five subdivisions along 

the caudal-rostral axis including the three broad segments: the prosencephalon (primitive 

forebrain), the mesencephalon (precursor of the midbrain structures), and the 

rhombencephalon (primitive hindbrain)9. Notably, neuron production starts on embryonic 

day 42 and proceeds exponentially such that by mid-gestation it is almost complete with 

billions of neurons generated from dividing progenitors10,11. Neuronal cells form the basic 

computational units of the brain and are ultimately responsible for every thought, feeling, 

movement, and experience (conscious and unconscious) we have had and ever will have. 

The broad categories of neurons include excitatory neurons and inhibitory neurons12. 

Functionally speaking, these can be distinguished by their ability to either promote or 

prevent the generation of an electrical impulse (action potential) in downstream receiving 

neurons13. This alternative activity of excitatory and inhibitory neurons depends on both 

the nature of the signalling molecules (neurotransmitters) released from neurons as well as 

the type of receptors these neurotransmitters bind to on the receiving neurons13. 

Neurons are generated from neural progenitors located at the ventricular zone, a region 

which eventually becomes the epithelial lining of the ventricles of the brain2. In order to 

form functional circuits, newly generated neurons must migrate from their region of origin 

and either forge the generation of a new neural pathway or integrate into an already-

existing network14 (Fig 1.2). In the neocortex – the region of the brain responsible for higher 

cognitive functions such as perception, decision-making, and language – the process of 

migration and integration culminates in a characteristic organization of cells into six 

distinct layers15. Unlike other regions of the developing brain, migration in the neocortex is 

inverted with the youngest neurons migrating the furthest distance to the more superficial 

layers and the older neurons forming part of the deeper layers15.  Integration is achieved 

through the elongation of neuronal axons and the arborization of dendritic processes 

allowing synaptic connections to form between cells16–18. Although dendritic branching 

begins in the first trimester19,20, it is comparatively slow over this period and maximal 

branching activity is only achieved during the first or second year, post term depending on 

the region and layer of the brain19,21. Thereafter, dendritic development gradually decreases 

and is complete at approximately 5-7 years of age22,23 though there is evidence that this 

process continues into early adulthood for layer 3 pyramidal neurons20.  
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Figure 1.2. Inside-out migration in the developing neocortex. During development, neural progenitors at the 

ventricular zone give rise to neurons which migrate outward in a temporally regulated manner (horizontal 

arrow represent the time that new neurons are born). The oldest neurons migrate the shortest distance whilst 

the newest neurons migrate the furthest distance (vertical arrows represent the distance migrated). This 

produces six largely distinct cortical layers in the adult neocortex (layers I-VI). The shade of blue indicates the 

age of the neurons with darker shades indicating older neurons and lighter shades indicating younger 

neurons.  VZ: ventricular zone (grey); SP: subplate cells (purple); CR: Cajal-Retzius cells (yellow); cortical layer 

cells (blue). Pia refers to the innermost layer of the meninges which are membranes surrounding the brain 

and spinal cord. Figure adapted from Cooper et al. (2008)15. 

As the brain expands, it begins to form distinctive folds known as sulci and gyri which allows 

for an increased cortical surface area to fit within the volume constraints of the cranium24. 

This process known as gyrification continues beyond gestation into postnatal 

development. Additionally, the proliferation and migration of glial progenitors, which 

begins at approximately 19 gestational weeks, also continue postnatally while the 

proliferation and migration of neuronal populations are largely complete prior to birth. 

Neural stem cells known as radial glia (RG) give rise to neurons followed by astrocytes and 

subsequently oligodendrocytes – with a so-called “gliogenic switch” mediating the 
transition between neuron and macroglial cell production from RG cells25. Astrocytes and 

oligodendrocyte populations play crucial roles as supporting cells to neurons in the brain. 

While the diverse array of astrocytic functions is beyond the scope of this review, several 

key functions include regulating the composition of the extracellular matrix, maintaining 

the integrity of the blood brain, and removing neurotransmitters from the synaptic cleft26.  

On the other hand, oligodendrocytes function in the production of myelin which is a fatty 

substance that is deposited over neuronal axons and serves to insulate the axons in much 

the same way that plastic covers an electrical wire thereby protecting it and increasing the 

velocity of electrical transmission27. The process of myelination is a dynamic one which sees 

oligodendrocytes supplying myelin to neurons in accordance with their requirements27,28. 

There is evidence that this process continues beyond the second decade of life for some 

cortical fibres29 and possibly throughout the lifespan30, though peak myelination occurs in 

the first year of life corresponding with heightened axonal sprouting over this period1,28. 

Babies are born with the vast majority of axons unmyelinated, and it is proposed that the 

increase in myelination that occurs during childhood contributes to enhances in cognitive 

Development Adult 
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functions such as information processing speed as the brain matures31. The predecessor to 

the more mature oligodendrocyte population is the oligodendrocyte precursor cell 

population which has increasingly been implicated in functions besides serving as a 

progenitor population, including intercellular signalling with neurons32,33 and other glia34,35 

as well as protecting unmyelinated axons by extending their processes around them36. In 

support of the broader functionality of OPCs is the observation that they frequently make 

connections with other cells32,34,35. Additionally, they are distributed throughout both the 

grey and white matter unlike oligodendrocytes which are largely located in the white 

matter37. Overall, there exists convincing evidence for the necessity of macroglial cells in 

mediating the structural and functional maturation of neuronal circuits.  

A third glial cell population is the microglia population which are derived from primitive 

myeloid progenitors of the yolk-sac and infiltrate the CNS during early foetal development 

prior to astrogenesis and oligodendrogenesis38. They are best known for their roles in 

detecting and removing pathogens from the brain as well as phagocytosing cellular debris 

such as protein aggregates and dead cells which can damage the CNS – thus emulating the 

functions of macrophages in the rest of the body39. When challenged by either injury or 

neuroinfection, microglia are capable of launching either pro- or anti-inflammatory 

responses depending on a complex interplay of events in the microenvironment which is 

still not fully understood40,41. In more recent years, microglia have also been implicated in 

synaptic pruning42 which is an essential postnatal process required for the refinement of 

neuronal circuits. The outcome of synaptic pruning is an increase in the precision of the 

more coarse connections initially generated, thereby making functional neural pathways 

more effective42. A group of researchers led by Cornelius Gross demonstrated in two 

seminal papers that microglia interact with excitatory neurons and essentially nibble away 

at their synaptic processes contributing to a loss of connections between cells42,43. Without 

this process of synaptic pruning, there would be an excess of synapses which could have 

negative implications for learning ability44. Intriguingly, this overabundance of synapses is 

a phenotype which has been observed in autism spectrum disorder (ASD) while an 

opposing phenotype of diminished synapses has been found in Schizophrenia45,46.  In 

addition to synaptic pruning, the programmed cell death of approximately 50% of neurons 

is a similar seemingly regressive but controlled procedure which occurs over the perinatal 

period47–49. This is also thought to be part of a refinement strategy to not only fine-tune 

neuronal networks but also eliminate neurons whose axonal processes were targeted to 

the wrong region47.   

Regarding the temporal context of synaptic pruning, it is preceded by a period of 

‘exuberant’ synaptogenesis in the early postnatal months50,51 with as many as one hundred 

trillion synaptic connections generated by age 2 – approximately 50% higher than the 

synaptic density of the adult brain51,52. Although this excessive formation of synaptic 

connections appears to be an energetically wasteful process, it may in fact promote more 
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robust and efficient neural networks in the long term by facilitating the formation of 

optimal network structures53. Pathways which are continuously used are reinforced due to 

the connections between synapses becoming stronger over time, a mechanism known as 

long term potentiation, which underpins our ability to learn and form memories54,55. On the 

other hand, those pathways which are not frequently used gradually deteriorate as a result 

of connections being cut back, a concept which is captured by thenotion, “If you don’t use 
it, you lose it”. Where synaptogenesis peaks in the early postnatal period, synaptic pruning 

activity begins during late childhood, peaks during adolescence, and gradually decreases 

from then on52,56,57. In contrast to the long-held understanding that synaptic pruning activity 

levels out during early adolescence, Petanjek et al. (2011) provided evidence that this event 

extends much further into brain maturation than previously thought with a plateau in spine 

density only being reached in the late twenties57. Together, synaptogenesis and synaptic 

pruning influence the property of the brain known as plasticity which allows the brain to 

change its structure and function in response to experience58.  Considering synaptic 

changes are most prominent in infancy, childhood, and adolescence, these stages 

represent periods of enhanced susceptibility to environmental influence. This may in part 

explain the sponge-like ability of children to absorb information as seen by their remarkable 

capacity to learn language59, or the reason why one is at increased risk of developing a 

substance use disorder if an addictive drug is taken before age 1560. Arguably however, the 

brain retains plasticity throughout the lifespan albeit to a lesser degree as one ages61.  

Perhaps one of the most striking differences between prenatal and postnatal brain 

maturation is the underlying principle by which the maturation of neuronal circuits is 

governed. Where prenatal circuit formation largely relies on genetically determined 

developmental programs62–65, postnatal maturation of neuronal circuits is increasingly 

driven by stimulus-dependent changes in gene expression66,67. Nevertheless, during both 

prenatal and postnatal periods, brain cells receive and process signals from both intrinsic 

and extrinsic factors. For example some in utero stimuli such as exposure to neurotoxins 

can profoundly influence foetal brain development despite the changes over this period 

mostly following a genetic blueprint68. Likewise, postnatal circuitry is still shaped to some 

extent by genetic context resulting in characteristic micro and macroscopic features 

emerging at distinct developmental stages57,62,69,70. However, after birth, a variety of stimuli 

not previously encountered become available to the brain in the form of visual, auditory, 

olfactory, gustatory, and tactile inputs71. These are received via specialised receptors 

capable of detecting specific stimuli and converting them into electrical impulses that are 

sent to the brain for processing72.  

As the brain matures, regions become specialised to process certain inputs and the early 

years of life represent a critical period for normal structural and functional patterns of brain 

organization to be established. For example, individuals who are born deaf and are later 

provided with cochlear implants that allow them to receive auditory inputs, tend to perform 
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better in speech and hearing tasks if they received the implants prior to age 573, suggesting 

that the first 5 years of life are important for patterning the brain to be able to receive and 

process auditory stimuli. To demonstrate the necessity of environmental inputs on brain 

wiring, pioneering researchers in the 1970s showed that when a 2-week-old monkey was 

deprived of visual inputs in one eye, the visual processing regions of the brain failed to form 

the characteristic striped patterning of alternative inputs normally observed when stimuli 

are received from both the left and right eye74. Instead, the visual processing area became 

dominated by inputs from the open eye which formed thicker bands while inputs from the 

closed eye formed much thinner bands74. This visual deprivation in the young animals had 

long lasting consequences resulting in visual impairments even after visual stimuli was 

again made available to both eyes, while the equivalent experiment in adult animals did 

not affect either brain structure or vision as patterning had already been established67. 

Alongside deprivation studies, researchers experimented with damaging the visual cortex 

during early postnatal development and found that the inputs which would normally be 

processed in this region invaded other regions of the brain such as the temporal cortex 

which usually only processes auditory stimuli75. This seeming adaptability of neural 

pathway formation is once again highly restricted to a short window period in early infancy 

and damage to the visual cortex in adult animals usually results in visual impairment with 

none of the abovementioned compensatory mechanisms75. 

In addition to deprivation and elimination experiments, researchers performed enrichment 

experiments where they showed that by simply raising animals in a stimulating 

environment compared to a standard laboratory cage, they could alter brain structure and 

function76–78. Indeed, those animals reared in complex environments with other littermates 

and changing scenery had a greater number of synaptic connections, more glial cells, 

increased myelination of axons, as well as improved cerebrovasculature76–78. Markedly, 

these changes persisted even after the animals were returned to average conditions77 

suggesting that positive early-life experiences may provide individuals with a physiological 

robustness that can compensate for adversities in later life. Thus, the formative years of 

postnatal brain maturation represent periods of both vulnerability and adaptability with 

regards to neuronal connectivity and function. Taken together, the abovementioned 

studies demonstrate that for normal brain maturation to occur postnatally, environmental 

inputs are essential. Overall, it is the integration of diverse experiences with intrinsic signals 

within specific time frames which determines developmental outcomes79. Besides the 

changes occurring at the level of the synapse, postnatal human brain maturation 

encompasses a multitude of other structural and functional changes. These include 

alterations in glucose metabolism which correlate with changes in synaptic density in that 

cerebral energy metabolism increases during infancy, resides at a consistent high level 

during childhood, and then begins to fall during adolescence80. Volumetric changes in 

cortical grey and white matter have also been observed during brain maturation using MRI 
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scans, with an overall reduction in brain volume shown to occur with age, however, white 

matter volumes increased during childhood and adolescence81. These white matter 

increases suggest a maturation of fibre tracts in juvenile brains which was further confirmed 

by diffusion tensor imaging studies showing that myelination of axons increases between 5 

and 12 years of age82. For some fibres such as association fibres, myelination continued to 

progress well into adulthood83 demonstrating that the brain requires many years of 

experience to achieve full maturity. In contrast to grey matter volume which has been found 

to decrease with age84, grey matter density (previously believed to be correlated with grey 

matter volume) increases from childhood to young adulthood which likely coincides with 

the timing of certain cognitive milestones such as enhancements in attention, working 

memory, and response inhibition12,85. In addition to volumetric and density changes as the 

brain develops postnatally, there appear to be certain advances in the functioning of the 

blood brain barrier (BBB), with some studies suggesting that the paediatric BBB is at 

increased risk of disruption86. Nevertheless, functional barrier mechanisms are already 

developed in early life86. The timing of the key postnatal milestones described above are 

summarised in Figure 1.3. These events exemplify the protracted process of brain 

maturation from birth, through childhood and adolescence, into early adulthood.  

 

Figure 1.3. Timing of key events during human brain development. Schematic showing the temporal 

sequence of important developmental milestones occurring over the course of human brain maturation, 

many of which start before birth and continue for a period postnatally. Processes such as synaptic pruning 

and myelination are protracted and extend into adulthood. Figure adapted from Tau & Peterson et al. (2010)12 

and Silbereis et al. (2016)87 
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1.1.1. Rationale for studying the molecular and cellular dynamics of the 

developing postnatal brain 

Postnatal brain maturation from birth to early adulthood represents a period of 

susceptibility in term of neuropsychiatric risk88 with disrupted trajectories of gene 

expression associated with neurological disorders such as ASD and Schizophrenia among 

others being observed over this period45,46. While the events defining brain maturation have 

been well characterised at a broad level, the molecular regulation underlying these changes 

is less well understood. Describing typical gene expression trajectories as the brain matures 

postnatally may serve as an important reference to assess the effects of genetic 

perturbations and early adverse experiences on brain maturation and thereby gain insight 

into the developmental origins of neurological disorders. Furthermore, investigating the 

driving forces behind maturational processes may prove useful when it comes to 

developing interventions for treating and managing neurological disorders since 

implicated genes may one day serve as therapeutic targets or biomarkers for improved 

diagnosis and prognosis of conditions89. One study which highlights this potential, 

examined the transcriptomic and epigenomic regulation of the brain across the lifespan 

and identified numerous genes involved in neurodevelopment which have also been 

associated with neuropsychiatric conditions90. For example, the gene MEF2C was found to 

decrease in expression over the perinatal period and is known to be implicated in synapse 

function and ASD – thus representing a possible therapeutic candidate for treating adverse 

symptoms associated with ASD90.  

Considering that many neuropsychiatric disorders show distinct periods of onset with more 

than half of all conditions being diagnosed by the age of fourteen91–93, the period of brain 

maturation under investigation is a crucial period in terms of understanding how these 

conditions develop.  With sufficient metadata and a large enough sample size, this line of 

research could potentially help to elucidate how childhood experiences influence the 

genetic regulation of the brain and in turn one’s ability to cope with psychological stress in 

adult life. Moreover, studying the gene expression dynamics of paediatric and adult brains 

in conjunction may be informative in terms of understanding why the same neurological 

conditions can manifest differently between children and adults as well as explain 

differential responses to treatment between the two age groups94.  Within the South African 

context this is imperative given the high rates of certain neurological conditions such as 

paediatric epilepsy and traumatic brain injury due to neuroinfection, accidents, and abuse, 

with few precision treatments for the paediatric brain95,96.  
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1.1.2. Single cell transcriptomics as a strategy to interrogate brain complexity 

The human brain has been cited as the most complex object in the known universe by 

physicists and biologists alike97,98. Contributing to this complexity is the diverse array of cell 

types comprising the brain. As described in the introduction, brain function is ultimately 

dependent on the coordinated activity of various cell types serving specialised functions 

ranging from computational roles (neurons) to protective roles (microglia), and supportive 

roles (astrocytes and oligodendrocytes). For cell type-specific functions to arise, precise 

spatiotemporal regulation of gene expression is required87. The resulting transcriptomic 

diversity of this carefully controlled system can now be assessed with unprecedented 

accuracy using single cell transcriptomic technologies which reveal the transcriptomes of 

individual cells, allowing one to distinguish different cell types and states from one another 

in an unbiased manner. Taking advantage of this innovative method, the NIH BRAIN 

Initiative Cell Census Network (BICCN)99 and Human Cell Atlas Project100,101 aim to develop a 

complete picture of the molecular and cellular diversity characterising brain structure and 

function. Recently, the first major outputs from these cell atlas projects have been 

published which, among other notable achievements, includes successfully defining brain 

cell types and subtypes by their distinct transcriptional profiles102–111.   

The single cell studies which have been conducted to date have already yielded key insights 

including the observation that many glutamatergic neuron subtypes are region-specific in 

the neocortex while subtypes of GABAergic and non-neuronal cells are usually shared 

across neocortical areas – a finding which was consistent between two complementary 

studies of the adult mouse and human cerebral cortex110,112. Additionally, Bakken et al. 

(2021) identified a set of conserved cell type-specific marker genes across humans, 

marmosets, and mice as well as a set of cell type-specific marker genes unique to human 

brain cell types. In future, these genes may be interrogated further as putative cell type-

specific regulators of brain mechanisms which are essential across species or mechanisms 

which are human-specific108. Importantly, single-cell and spatial transcriptomic 

technologies are already being applied to the study of neurological disorders, revealing 

novel cell type-specific or layer-specific dysregulation of gene expression associated with 

various conditions such as autism113,114, major depressive disorder33, and Alzheimer’s 
disease115.  

While most single cell transcriptomic studies of the brain have used postmortem tissue or 

mouse tissue, there are several studies which have used ante-mortem tissue, including a 

ground-breaking study by Darmanis et al (2015) who compared the transcriptomes of the 

adult and fetal brain at single-cell resolution111. From this analysis, they identified both 

known and novel marker genes distinguishing fetal neuronal progenitors, mature fetal 

neurons, and adult neurons111. Furthermore, a subset of adult neurons was found to express 

major histocompatibility genes contrary to the historical understanding of adult brain 

neurons being immunologically inert111. This discovery may have previously been obscured 
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due to the use of bulk RNA sequencing methods which are not sensitive to detect gene 

expression signals within subsets of cells. More recently, Nelson et al. (2022) examined 

single cell gene expression profiles of 75 individuals using epilepsy and tumor brain tissue 

samples116. Through their analysis, they identified variation in the abundance of different 

cell types and in gene expression profiles across the samples with factors such as sex, age, 

and ancestry being contributors to the observed variation.   Although these studies are 

incredibly informative in their own right, they are limited in that they only investigate the 

single-cell transcriptomic profiles of the fetal and adult brain while the in-between stage 

regarding the paediatric brain is not addressed111,116. The lack of paediatric single-cell 

datasets is a crucial gap which pertains not only to these studies111,116 but to the human 

brain single-cell literature more widely90,108–110,117,118.  

1.1.3.  A comparison of bulk RNA sequencing and single-cell RNA sequencing 

Before the advent of single-cell transcriptomics, researchers relied on DNA microarrays or 

bulk RNA sequencing to profile gene expression in the human brain119–121. These approaches 

are limited when compared to the current available single-cell technologies in that the 

expression signal measured comes from multiple cells within the tissue resulting in an 

average signal for each gene (Fig 1.4). In complex tissues such as the brain which comprise 

of multiple cell types, this is especially problematic as one cannot infer whether a given 

gene is expressed across many cell populations or is expressed in specific cell types only122. 

An initial strategy to address this limitation was to purify individual cell types using 

population-specific markers and perform RNA sequencing on sorted cell types123,124. 

However, this still results in an averaging of the expression signatures from multiple cells 

without being able to examine the heterogeneity within a cell type125,126.  

In contrast, single cell RNA sequencing methods (scRNA-seq), as the name suggests, 

sequence the transcriptomes of individual cells, allowing one to discern the signal specific 

to each cell. Broadly speaking, this involves separating individual cells and supplying each 

cell with a unique primer set that contains a molecular barcode specific to that cell such 

that the molecular barcodes can be sequenced along with the transcripts. As a result, the 

transcripts can be associated back to their original cell and quantified at the gene-level 

using computational methods. The 10X Genomics method uses the Chromium Controller 

microfluidics system which separates cells and captures them individually in partitioning 

oil along with a gel bead containing a unique primer set (Fig 1.5). This allows all transcripts 

in a given cell to be converted to cDNA using the same primer set such that they receive a 

unique DNA molecular barcode that can be used to trace them back to their cell of origin 

post-sequencing using computational means.  
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Figure 1.4. A comparison of DNA microarrays and bulk RNA sequencing methods with scRNA-seq methods. 

Profiling gene expression using DNA microarrays or bulk RNA sequencing makes use of whole tissue samples 

comprising a population of cells such that the signal measured is an average expression signature from 

multiple different cell types. scRNA-seq methods profile the transcriptomes of individual cells allowing for 

cell-type specific expression patterns to be elucidated.  

Many single cell transcriptomic protocols also provide each original transcript with a 

unique molecular identifier (UMI) prior to PCR which functions to minimise amplification 

bias associated with PCR since all transcripts with the same UMI correspond to a single 

transcript count (Fig 1.5)127. The same approach can be applied to nuclei (snRNA-seq) which 

is useful for generating human brain tissue datasets since these samples are usually frozen 

for logistical reasons and thus cells cannot be effectively isolated whereas nuclei can128,129. 

The use of nuclei is also advantageous over cells in that there is less bias in which cell types 

are captured and there is a reduction in transcriptional artefacts due to the isolation 

process128,129. 

Mapping gene expression dynamics in the human brain is comparatively challenging to that 

of other organs and species for several reasons not least of all being the availability of and 

ease of access to samples especially live human brain tissue130. Thus, most single cell 

transcriptomic studies using brain tissue have relied on either mouse brain 

tissue106,109,112,131,132 or postmortem human brain tissue90,108,110,117,118 which may be limited in 

their generalisability to the human brain109,111 and accuracy133, respectively. For example, a 

study examining the effect of postmortem interval on RNA integrity in rats found that 

mRNAs expressed at low levels were susceptible to degradation within a 24 hour 

postmortem interval even when stored under 4◦C133. Thus, the use of live tissue is warranted

which requires collaborations between scientists and clinicians in order for valuable 

surgical tissue to be harnessed where it would otherwise be discarded. 
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Figure 1.5. 10X Genomics single cell RNA sequencing. (A) Nuclei together with reverse transcriptase master 

mix (enzyme) are fed into the 10X Genomics Chromium controller. Individual nuclei are separated out and 

captured in partitioning oil along with a gel bed containing a unique primer set, forming a gel-bead in 

emulsion (GEM). (B) Each gel bead is coated with thousands of oligonucleotides containing a unique DNA 

barcode (10X BC) specific to the gel bead to distinguish transcripts from different cells as well as a unique 

molecular identifier (UMI) to distinguish each transcript from all other transcripts within a nucleus and 

thereby account for PCR amplification bias. (C) Schematic of the 10X Single Cell 3’ gene expression library 
showing the P5 and P7 primers for sequencing the cDNA fragment, the TruSeq Reads 1 and 2 for Illumina 

sequencing, the 10X barcode (10X barcode) to distinguish transcripts from different cells, the unique 

molecular identifier (UMI) to account for PCR amplification bias, and a sample index to distinguish transcripts 

originating from different samples. Adapted from the Chromium Next GEM Single Cell 3ʹ Reagent Kits v3.1 User 
Guide134. 

Using single cell technologies to explore the molecular and cellular dynamics occurring as 

the brain matures is likely to foster the discovery of cell type-specific diagnostic and 

therapeutic targets which will allow for a more directed approach to treatment135. Instead 

of drugs being designed to target the brain at large, they can be designed to target specific 

cell-types or subtypes within the brain resulting in more precise control of their 

mechanisms and fewer off-target effects or side effects. Additionally, this line of research 

may promote the development of treatments that are tailored to the unique requirements 

A 

B 
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of a patient by first identifying the subtle differences occurring between different groups of 

patients such as paediatric versus adult patients or male versus female patients. For this 

vision of a precision medicine to be realised, large studies involving numerous samples will 

be necessary in order to have sufficient power to discriminate individual variation from true 

biological variation between groups.  

1.2. Genetic regulation of human brain maturation 

Several key transcriptomic studies exist that have begun to improve our understanding of 

the temporal gene expression changes occurring over the course of  human brain 

maturation90,119–121,136. In their pivotal and pioneering study, Kang et al. (2011) used DNA 

microarrays to profile the gene expression signatures of post-mortem human brain tissue 

from 57 donors which included a total of 1,340 tissue samples across 16 different brain 

regions, spanning embryonic development to late adulthood, and including multiple ethnic 

groups119. The samples were binned into various stages which included an array of distinct 

prenatal stages and postnatal stages. In order to investigate which factors contributed 

most to variation between samples, they carried out multidimensional scaling and 

principal component analysis which revealed that brain region and age contribute more to 

global transcriptome dynamics compared to the other tested variables including sex, 

ethnicity and inter-individual variation119.  

They went on to examine the expression trajectories of groups of genes associated with 

particular neurobiological categories. For example, they examined the trajectory of sets of 

genes associated with processes such as proliferation and migration of neural cells, 

development of dendrites and synapses, as well as axonal myelination. Considering that 

synaptic density has been shown to decrease during late childhood and adolescence56,57, 

one may expect that the expression of genes implicated in synapse development would 

show a corresponding decrease in expression over the same period. However, contrary to 

expectation, the expression trajectory of synapse development genes, including SYN1, SYP, 

SYPL1, and SYPL2 did not decline during late childhood or adolescence but instead levelled 

out during early childhood and remained at a consistently high level of expression119. One 

explanation for this is that genes involved in synapse development may be distinct from 

those involved in synaptic pruning, and thus for synaptic density to decrease during 

adolescence, the expression of genes involved in synaptic pruning could increase over this 

period without requiring a simultaneous decrease in synapse development genes. That 

microglia have been implicated in synaptic pruning of neuronal synapses42,43 lends support 

to this hypothesis since they would likely not express genes involved in synapse 

development but may have a unique signature of expression responsible for their pruning 

activity.  

Alternatively, it is possible that synapse development genes do decrease during late 

childhood and adolescence but that these changes are regulated post-transcriptionally or 
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post-translationally such that levels of synaptic mRNA or protein only differ within the 

actual synaptic terminals. Thus, using whole tissue samples or even individual cells may not 

be sensitive enough to detect these localized differences and one would have to enrich the 

total pool of genes for synaptosomal genes to measure this137. In agreement with the finding 

that synapse development genes reach a plateau during postnatal brain maturation, a 

similar DNA microarray study by Colantuoni et al. (2011) found that genes associated with 

synapse development, such as GABRA1, increased over both the prenatal and postnatal 

period and subsequently levelled out with no decrease in their expression observed. 

Nonetheless, aside from genes governing synapse numbers, the expression trajectories for 

genes implicated in other processes was consistent with what would be expected in terms 

of the observed temporal activity of the process. For example, genes associated with 

myelination such as C11orf9, MAG, MBP, and MOG increased dramatically over the perinatal 

and infancy period and continued to increase, albeit more slowly, into adulthood119. On the 

other hand cell proliferation genes, such as HES1, MKI67, and CYCLINB2 which regulates cell 

cycle progression, showed the opposite trend – decreasing rapidly over the perinatal period

and plateauing to a consistently low level in early childhood119,120.  

In order to survey global temporal dynamics of gene expression in the neocortex (NCX), 

Kang et al. (2011) determined the percentage of genes that were differentially expressed 

with age within broad temporal windows119. They found that 9.1% of all genes profiled were 

temporally regulated during postnatal development in the NCX from birth to adolescence 

while 0.7% of genes were differentially expressed across adulthood starting at 20 years of 

age onwards119. This stands in contrast to the 57.7% of genes shown to be differentially 

expressed across fetal development119. Notably, the observation that the greatest changes 

in gene expression occurred between the prenatal and postnatal period in terms of both 

the number of genes and the average effect size was a common finding across several 

studies89,90,119–121,136. This is to be expected considering that prenatal brain development is 

largely regulated by a genetic blueprint62–65 whereas postnatal brain maturation is 

increasingly experience driven66,67, and thus this regulatory shift would likely coincide with 

dramatic alterations in gene expression119.  

However, considering the myriad of micro and macroscopic changes occurring from birth 

to adulthood such as axonal outgrowth and myelination of axons, arborization of dendritic 

processes, synaptogenesis and synaptic pruning, proliferation of glial cells, alterations in 

metabolism, as well as the development of functionally distinct neuronal 

circuits1,2,56,57,69,138,139, the abovementioned studies revealed surprisingly few and small 

changes in gene expression over the postnatal maturation period89,90,119–121,136. One 

possibility to explain this is that the majority of changes in gene expression occurring during 

postnatal brain maturation are cell type-specific and hence have been masked by an 

averaging out of the expression signal due to profiling populations of mixed brain cell types 

together. Thus, the generation of paediatric single-cell and spatial transcriptomic datasets 
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is necessary to address this alternative as well as the possibility that there really are few 

changes in gene expression dynamics over this period as the current literature seems to 

suggest.  

In parallel to the analysis by Kang et al. (2011), Colantuoni et al. (2011) computed the rate 

of change of gene expression in the prefrontal cortex over a range of developmental and 

post-developmental stages120. From this, they determined that the age-dependent rates of 

expression change were highest during fetal development, followed by infancy and then 

childhood120. During adolescence the global age-dependent rates of expression change 

dropped dramatically and continued to decrease towards middle adulthood followed by a 

subsequent increase towards late adulthood120. Interestingly, with regards to inter-

individual differences, global transcriptional profiles were most similar across individuals 

in the early years of life when age-dependent rates of expression change were the highest 

and these profiles subsequently diversified during the maturational years as rates of 

expression change declined120. This appears to be consistent with our understanding of 

postnatal maturation since environmental influences are largely responsible for shaping 

this period of brain maturation66,67 with each individual exposed to a unique and diverse 

range of experiences that likely contribute small but specific changes to gene expression. 

Hence, the transcriptional signatures of each individual become gradually dissimilar with 

age while rates of change in gene expression decrease with age since the most drastic and 

universal developmental processes have already occurred.  

Where Kang et al. (2011)119 and Colantuoni et al. (2011)120 examined overall changes in the 

trajectories of expressed genes across the pre and postnatal periods, Dönertaş et al. 
(2016)121 developed this analysis further in their study by classifying genes into 4 categories 

based on how their expression changed between the paediatric (0-20 years) and adult (>20 

years) brain samples. By incorporating bulk gene expression data from several studies119–

121,140, they identified a set of genes which was consistently upregulated in the 

developmental period and downregulated in the aging period across the various studies. 

Functional enrichment analysis implicated a role for these genes in certain neural 

functions, synaptic functions, and signalling processes121. However, since these studies all 

used whole tissue samples119–121,140 it remains unknown whether the observed gene 

expression changes preferentially effect certain cell types or if all cell types are equally 

susceptible. Moreover, one cannot distinguish whether this reversal trend represents 

changes in brain cell type proportions for example due to neuronal loss, or whether it 

represents cell autonomous gene expression changes possibly due to the accumulation of 

stochastic effects. To address these limitations, the generation of cell type-specific age-

series datasets spanning the lifetime is further warranted.  

In an initial endeavour to fill this gap, Li et al. (2018) employed multimodal genomic 

methods to interrogate the transcriptomic diversity of the developing and adult brain90. 
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This included generating scRNA-seq datasets using tissue samples from nine different fetal 

brains, generating snRNA-seq datasets using tissue samples from three adult brains, as well 

as performing bulk RNA sequencing using tissue from 41 individuals comprising of a range 

of fetal, paediatric, and adult samples90.  Although they did not generate sc/snRNA-seq 

datasets for the paediatric brain, they attempted to deconvolve the bulk RNA-seq datasets 

into various cell types using the high resolution provided by the sc/snRNA-seq datasets90. 

Based on this they estimated changes in the relative proportions of cell types with age in 

the neocortex. Congruent with a subsequent independent bulk RNA-seq study by Werling 

et al. (2020), they determined that the numbers of neural progenitors and fetal neurons 

decreased over the perinatal period whereas mature adult neurons and glial cells increased 

over the same period90,136. These analyses support the notion that varying cell type 

proportions may contribute to the drastic changes in global transcriptional dynamics over 

the perinatal period. However, since these inferences were made by deconvolving bulk 

RNA-seq transcriptional signatures and observing changes in sets of genes associated with 

particular cell types90, one cannot ascertain whether the apparent changes in cell type 

composition are real, or whether the changes in global transcriptional dynamics actually 

represent changes in the level of gene expression within a cell type (as opposed to changes 

in the proportion of cell types). The generation of single cell datasets across the age range 

under investigation, especially the generation of paediatric single cell datasets, will be 

integral to distinguish between these alternatives.  

With a similar goal to that of Li et al. (2018), Song et al. (2021) combined 13 publicly available 

single cell datasets from diverse brain regions and ages and developed a “spatiotemporal 
cell atlas” of the human brain141. As there were no datasets generated using samples from

individuals between the ages of 0 and 18, this age group is not present in the database. 

Alongside this gap, a second major limitation of this industrious study is that they did not 

account for batch effects such as the transcriptomic platform used to generate the datasets 

when examining temporal gene expression dynamics across the ages and thus one cannot 

be confident that the differences with age are real since the independent variable (age) is 

confounded by the modality used. Nevertheless, there were several interesting discoveries 

from this analysis including the observation that specific cell types and subtypes were 

enriched for genes associated with distinct neurological disorders141. For instance, 

microglia and astrocyte 3 subtypes were enriched for genes associated with multiple 

sclerosis whereas excitatory neuron 9 subtypes expressed genes associated with autism 

spectrum disorder and bipolar disorder141. This finding exemplifies the power of single cell 

analysis to provide highly resolved transcriptional signatures.  If applied to pathological 

and control datasets, single cell technology may be capable of discerning the contribution 

of individual cell populations to a disease phenotype and will likely prove useful in 

developing more targeted therapies for treating neurological conditions. The information 
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from this study should of course be interpreted with caution and additional studies that use 

the same modality to generate the datasets is necessary to validate these findings141.  

Based on the above assessment of the current state of the literature surrounding the 

genetic regulation of brain maturation, it appears that the field of research will benefit 

immensely by the generation of single cell RNA-seq brain datasets spanning the lifetime, 

especially paediatric datasets between the ages of 0 and 18 years of age.  

1.2.1. Long non-coding RNAs: the dark matter of the brain 

Most previous transcriptomic studies examining human brain maturation have focused on 

the expression of protein-coding genes, with fewer studies examining the expression of 

non-coding genes142,143. As single-cell technologies target the whole genome they will 

facilitate the investigation of both protein-coding and non-coding genes. This is especially 

relevant to the study of long non-coding RNAs (lncRNAs) which have been found to show 

high cell type-specific gene expression patterns144. As the name implies, lncRNAs are a class 

of non-coding molecules which are greater than 200 nucleotides in length and they 

represent the largest class of non-coding transcripts in the genome145. They have been 

shown to carry out various regulatory roles in cells by interacting with DNA, RNA, and 

protein partners146–149. More recently, there is evidence that some lncRNAs may encode 

functional short peptides150, contrary to the historical understanding that these molecules 

are not translated. While the functions of most lncRNAs remain poorly characterised, 

compelling evidence in favour of their functionality includes lncRNAs having highly 

conserved promoters151,152, being dynamically regulated124,153, localising to precise 

subcellular compartments144, as well as their expression being highly region-specific144 and 

tissue-specific154 with up to 40% of lncRNAs being specifically expressed in the brain152.  

Additionally, in the past decade, numerous studies have been published characterising 

regulatory roles of individual lncRNAs in neural processes, for example LOC646329  and linc-

Brn1b  in brain cell proliferation155,156; RMST, TUNA, and Dali in neuronal 

differentiation149,157,158; Bdnf-AS in neurite outgrowth159; and Meg3 in synaptic plasticity160. 

Moreover, lncRNAs have been increasingly implicated in neurological conditions including 

schizophrenia, autism, epilepsy and Alzheimer’s disease147,161–163.  

Based on these attributes, some researchers have hypothesised that lncRNAs RNAs may 

contribute to increased neuronal diversity in humans allowing increases in cognition, 

memory, and related abilities to emerge164. However, the functionality of these molecules 

remains a topic of controversy as many knockout and knockdown studies of individual 

lncRNAs have failed to show any distinct phenotypic abnormalities165–168. Nevertheless, this 

could be due to functional redundancy or that the effect size of individual lncRNAs may be 

relatively small169. Thus the analogy of lncRNAs being the dark matter of the brain holds an 

intriguing possibility paraphrased here from Lee et al. (2019)170: in the way that single 

elements of dark matter have incredibly small effects in the universe and yet together are 
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indispensable for universe integrity, individual lncRNAs may contribute non-essential, 

small phenotypic effects to overall brain function but in larger numbers and combinations 

act to provide critical regulatory roles for diverse neuronal cell types to arise thereby 

enabling neuronal complexity. In addition to functional redundancy and small phenotypic 

effects, the cell type specificity of lncRNAs may further preclude the detection of abnormal 

phenotypes since screening is frequently performed at a whole tissue level or even 

behavioural level169. Thus, to investigate lncRNA functions, knockout/knockdown studies 

may be more successful if one has an idea of which cell types are expected to be affected 

and screening is performed on these cells specifically. Alternatively, overexpression 

analysis may be warranted in lieu of knockout/knockdown studies.  

Similarly to protein-coding genes, few lncRNAs have been shown to be temporally 

differentially expressed in the brain during postnatal maturation with one study finding as 

few as 8 lncRNAs being differentially expressed between paediatric and adult brains142,143, 

though as many as 1500 lncRNAs showed altered expression between the prenatal and early 

infancy period136,143. It remains to be verified whether the inability to detect strong patterns 

of temporally differentially expressed lncRNAs in these studies is a false negative finding 

due to a lack of single-cell resolution and low sensitivity of the methods used to profile 

these genes. Evidence in support of this hypothesis comes from a study by Liu et al. (2016) 

who used single cell RNA-seq to profile the expression of lncRNAs in the developing prenatal 

human neocortex and identified 424 polyadenylated lncRNAs that were differentially 

expressed across developmental timepoints including MEG3 and DLX6-AS1 whose 

expression increased with developmental age155. Furthermore, by comparing their scRNA-

seq data to equivalent bulk RNA-seq data they demonstrated that the seemingly low 

expression levels of lncRNAs frequently observed in heterogenous tissue could in many 

instances be due to cell type-specific expression of lncRNAs155. Developing this further, they 

used a large-scale CRISPRi screening method to knockdown 16,401 lncRNAs in seven 

diverse cell lines and found that for many of the lncRNAs, this resulted in the cell type-

specific disruption of complex transcriptional pathways171. Together these studies illustrate 

the importance of investigating the expression and functions of lncRNA molecules at single 

cell resolution155,171. 

1.2.3. Spatial transcriptomics  

In addition to single cell transcriptomics, spatial transcriptomic methods are recent 

developments which enable one to simultaneously examine the spatial location of 

thousands of genes within a single tissue section at single-cell or near single cell resolution. 

In 2020, spatially resolved transcriptomics was named method of the year in Nature 

Methods indicating the anticipated importance of this innovation for biological research172. 

Applying this method to tissue derived from the human cerebral cortex may be particularly 

useful considering the distinct laminar organization of the cortex whereby cells within 

specific cortical layers display unique gene expression patterns that appear to influence 
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functional properties such as neural connectivity in a layer-specific fashion173,174. While 

there are many promising spatial transcriptomic methods175, the discussion here is centred 

around the 10X Genomics Visium technology since it is employed in this study.  

The protocol using the 10X Genomics Visium Spatial Gene Expression kit176 involves creating 

cryosections from optimal cutting temperature compound (OCT)-embedded tissue which 

are then placed on a specialised spatial transcriptomic slide. Each slide comprises of spots 

with sets of unique barcoded probes that capture mRNA. The captured mRNA is converted 

to barcoded cDNA, sequenced and associated back to its capture spot with bioinformatics 

analysis. The tissue can also be stained to reveal the underlying tissue cytoarchitecture. By 

combining the sequencing of barcoded cDNA and images of stained tissue sections, one can 

locate the region within a tissue where a specific transcript was expressed. Using this spatial 

data in conjunction with snRNA-seq data, one can simultaneously improve the information 

acquired from both snRNA-seq and Visium datasets. Visium data has comparatively lower 

resolution than snRNA-seq data since up to 30 cells can be captured on a single barcoded 

spot177. Nonetheless, one can deconvolve spatial transcriptomic data into various cell 

populations using the cell type-specific resolution provided by snRNA-seq data178. On the 

other hand, Visium data can be leveraged to annotate snRNA-seq clusters to include layer-

specific information105. Visium data further provides information about cytoplasmic as well 

as dendritic and axonal gene expression whereas snRNA-seq data is limited to nuclear 

expression.  

Maynard et al. (2021) took advantage of Visium to explore the molecular and cellular 

architecture of human dorsolateral prefrontal cortex (DLPFC) from three neurotypical adult 

samples105. After generating the spatial transcriptomic datasets, they devised a pseudo-

bulking strategy whereby the counts for each gene were summed within each cortical layer 

for each sample separately to generate expression profiles defining each layer. 

Subsequently, using three different differential gene expression analysis methods, they 

showed that there were substantial differences between the various cortical layers of the 

DLPFC which extended beyond the expected grey and white matter differences. From this 

analysis, they identified novel laminar markers such as AQP4 (L1), HPCAL1 (L2), FREM3 (L3), 

TRABD2A (L5) and KRT17 (L6)105. They further examined whether previously published layer-

specific markers such as RELN (L1), WFS1 (L2), MFEG8 (L3) and RORB (L4) were enriched 

among the Visium layer-specific DEGs. Curiously, only a subset of these published markers 

had a large effect size and were significantly differentially expressed in layers from the 

Visium datasets. This discrepancy may be due to the higher accuracy of the Visium method 

in quantifying transcript levels in situ compared to the traditional laser capture 

microdissection and reverse transcriptase quantitative PCR method used to quantify mRNA 

abundance within individual cells179. Alternatively, since many of the published laminar 

markers are derived from rodent and non-human primate studies in various brain regions 

and developmental time points, the discrepancy may be the result of trying to extrapolate 

these findings to the DLPFC of adult humans.   

 

By overlaying both their own and publicly available snRNA-seq datasets109,113,180,181 onto their 

Visium datasets, Maynard et al. (2021) showed that several neuronal subclusters within 
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snRNA-seq data could be defined according to specific layers in which they were expressed 

based on Visium data layer-specific expression signatures105. This included resolving 

excitatory and inhibitory neuronal subtypes into upper and deeper layer subclasses. 

Additionally, they refined the laminar annotation of several subclusters in the publicly 

available snRNA-seq datasets including reclassifying Ex L4 neurons in Velmeshev et al. 

(2019)113 to layer 5 instead of layer 4 as well as annotating Ex4 and Ex6 neurons in Mathys et 

al.(2019)180 to upper layers as opposed to deeper layers. Once again, these differences may 

represent region-specific, or time-point specific differences between the snRNA-seq and 

Visium datasets or differences in the accuracy of the methods used to annotate cell types 

to specific layers. This highlights the challenge ahead for researchers to develop a 

consensus method for annotating cell-types according to their gene expression signatures 

and spatial location. 

Altogether, the study by Maynard et al. (2021) is an impressive feat which has provided a 

comprehensive framework for future spatial transcriptomic studies of the human brain 

such as investigating how the spatial location of gene expression as well as the laminar 

distribution of different cell types compares between paediatric and adult datasets.  

1.3. Computational methods for processing and interpreting sc/snRNA-seq 

data 

The establishment of cutting-edge technologies such as snRNA-seq will contribute towards 

tackling locally prevalent brain disorders. To this end, knowledge of the best computational 

tools for analysing snRNA-seq datasets is required to ensure that high-quality and 

meaningful information can be extracted from these datasets. Notably, as of March 2023, 

there are over 1400 tools for analysing scRNA-seq data, with most tools being developed for 

visualisation purposes182 (Fig 1.6). An in-depth comparison of various methods is beyond 

the scope of this review. Nonetheless, readers are referred to several excellent 

reviews127,183,184 on this topic and comprehensive evaluations of various tools185–194. Here, I 

discuss some of the main findings and conclusions from several reviews and studies with 

regards to current best practise for processing and analysing snRNA-seq data. I further 

highlight some of the main challenges the field is currently facing. 
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Figure 1.6. Tracking the development of snRNA-seq computational tools. (A) The number of snRNA-seq 

tracked between 2017 and 2023. (B) The percentage of snRNA-seq tools belonging to various categories of 

analysis.  Figures obtained from the scRNA-tools database (https://www.scrna-tools.org/)182. 

While there are diverse strategies for processing sn/scRNA-seq datasets, most studies 

employ a common broad workflow127,183 which includes: (1) demultiplexing sequencing 

reads and aligning them to a reference transcriptome to generate a count matrix of genes 

by cells (barcodes), (2) performing quality control (QC) steps to filter out poor quality cells, 

(3) normalizing gene counts per cell to account for differences in sequencing depth 

between cells, (4) correcting for batch effects and drop-out events, (5) reducing the 

dimensionality of the data for visualization purposes and downstream applications, (6) 

clustering cells according to similarities in their expression profiles, (7) annotating the 

resulting clusters into various cell types and/or states, and lastly (8) performing 

downstream analyses to make sense of the data such as cell type composition analysis, 

differential gene expression analysis, pseudo time trajectory analysis, and gene set 

enrichment analysis (Fig 1.7).   
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Figure 1.7. Summary of standard sc/snRNA-seq workflow. Common sc/snRNA-seq pipelines include (1) 

aligning sequencing reads to a reference transcriptome, (2) generating a gene by cell counts matrix, (3)   

performing quality control steps to obtain high-quality data, (4) normalise for sequencing depth, (5) scale and 

integrate the data to correct for batch effects and drop out events, (6) performing dimensionality reduction 

methods for  visualisation purposes and downstream applications, (7) cluster the nuclei according to 

similarities in their expression profiles, (8) annotate the clusters into various cell types or cell states, (9) 

perform downstream analyses such as differential expression analysis and gene set enrichment analysis.  

1.3.1. Quality control 

An important consideration in the quality control pipeline is the identification of doublets. 

These are technical artifacts in the data that arise due to two cells being captured together 

and acquiring the same molecular barcode195. Consequently, it appears that the transcripts 

from the simultaneously captured cells originate from a single cell which can lead to 

spurious findings in downstream analysis, including the seeming existence of intermediate 

cell populations or cell states that do not represent real biological cell types195. If this occurs, 

it is advisable to identify these doublets and remove them from the datasets in order to 

draw reliable and accurate conclusions. While it is possible for more than two cells to be 

captured together, these forms of multiplets comprise the minority and most studies focus 

on removing doublets. There are two types of doublets: homotypic doublets which occur 

when two cells of the same type are captured together and heterotypic doublets which 

occur when two different cell types are captured together195. In theory, one can account for 

homotypic doublets by normalizing for sequencing depth as this will adjust the inflated 

gene counts to resemble that of a single cell from that population, and so identifying 

homotypic doublets is less essential192. Unlike heterotypic doublet, homotypic doublets 
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usually cluster with singlets and so they are believed not to interfere with classification or 

differential expression analysis to the same extent as heterotypic doublets192,196.  

A coarse way of identifying multiplets is to examine whether the number of transcripts 

associated with each molecular barcode far exceeds some measure of central tendency for 

the number of transcripts across all barcodes in the dataset. However, this is not always 

accurate since some cells or cell types may have much higher expression counts than others 

due to either technical or biological differences. Consequently, more advanced doublet 

identification tools have been designed for this purpose of accurately classifying a barcode 

as a doublet such as Scrublet195, DoubletDecon197, and DoubletFinder196. The principle 

behind each of these tools is similar in that they all attempt to simulate doublets in the data 

by randomly combining pairs of nuclei and then performing statistical analyses on each 

individual barcode to determine the probability of it being a doublet based on its similarity 

to simulated doublets. Where Scrublet uses the raw, unprocessed datasets195, 

DoubletDecon and DoubletFinder require prior clustering of the data into various 

populations such that only nuclei from different clusters are paired together during doublet 

simulation (simulates heterotypic doublets)196,197. This likely contributes to the higher 

sensitivity of these tools compared to Scrublet. Overall, a benchmark study comparing nine 

tools determined DoubletFinder as the most accurate tool in terms of its impact on 

downstream analyses whereas DoubletDecon was found to be oversensitive in its calling of 

doublets leading to false positives192. An independent study confirmed this finding for 

DoubletDecon and showed that contrary to this, Scrublet had a low sensitivity and high 

specificity197. DoubletFinder represents a good balance between DoubletDecon and 

Scrublet with regards to the sensitivity/specificity trade-off. Nevertheless, it is 

recommended that multiple doublet identification tools are used in conjunction and the 

intersection of barcodes identified by the different tools can be used to select barcodes for 

removal192.  

Another important consideration during QC is the contamination of barcodes with ambient 

RNA. This occurs when lysed cells release their RNA into the cell suspension and this cellular 

debris gets captured either with unlysed cells or in its own droplet198. When using nuclei, 

the presence of mitochondrial genes is often an indication of such contamination since 

mitochondrial genes are not expressed in the nucleus. There are several software packages 

such as SoupX which have been designed with the intention of identifying and removing the 

contribution of cell-free mRNA to a cell’s gene counts198. Essentially this is achieved by using 

empty droplets with no cell to determine the expression signature of ambient RNA, 

estimating the proportion of RNA in each cell that is ambient, and lastly adjusting the 

expression of each cell appropriately by using the two previously determined metrics.  

Other QC steps include both cell-level and gene-level filtering. Cell-level filtering involves 

removing poor quality barcodes which have both a low number of genes being expressed 
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and a low total number of transcripts199. The ratio of genes to transcripts can also give an 

indication of the complexity of a cell and a threshold can be used to remove cells of low 

complexity if one expects to see cells of high complexity in the data as is the case with brain 

cells199. On the other hand, gene-level filtering involves removing genes that have zero 

counts in all cells as well genes which are only expressed in a small percentage of cells from 

the dataset199.  

1.3.2. Normalization and scaling 

Following QC, normalization is performed to account for differences in sequencing depth 

between cells which can be achieved in a variety of ways such as dividing the counts for 

each gene in each cell by the total gene count for that cell, multiplying this by a factor of 10 

000, and taking the logarithm of this value200. Subsequently, one can choose to centre 

and/or scale the gene counts by adjusting the counts such that mean expression of a gene 

across all cells is zero and dividing the adjusted counts by the standard deviation such that 

the variance across cells is 1201. Scaling serves as a measure to ensure that genes are 

weighted equally in downstream analysis such as dimensional reduction and clustering. 

Since highly expressed genes usually have a greater range of expression than lowly 

expressed genes, their standard deviations are usually also higher, and they tend to 

contribute more to variation in the data than lowly expressed genes. However, if one were 

to take the standard deviations of both highly and lowly expressed genes as a proportion of 

the magnitude of their expression, the values may be more comparable suggesting that 

variability can be a characteristic of both lowly and highly expressed genes. Thus, scaling 

can be thought of as equalising the playing field for both highly and lowly expressed genes 

to contribute to variation between cells and ultimately between samples.  

According to a study by Hafemeister and Satija (2019)202, the normalization and scaling 

procedure discussed above may be insufficient depending on the abundance of a gene as 

it assumes (incorrectly) that the same scaling factor can be applied for all genes. 

Specifically, they found that only low and medium abundance genes were effectively 

normalised and that the adjusted variance of high-abundance genes was much higher for 

cells that had a low total amount of RNA transcripts compared to cells with a high RNA 

content202. This indicated that genes needed to be normalized according to their abundance 

level. To address this, the authors devised a regularized negative binomial model 

(sctransform) which includes cellular sequencing depth as a covariate202. They 

demonstrated that the model can successfully eliminate the dependence between the 

magnitude of expression of a gene and its expression variance. As a result, variation due to 

technical effects is removed while true biological variation is retained such that highly 

variable genes can be identified irrespective of their relative abundance.  
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1.3.3. Correcting for technical effects, biological effects, and drop-out events 

Although normalization and scaling may partially account for technical artifacts in the data, 

some technical effects such as batch and even a count depth effect may remain depending 

on the scaling method used. Additionally, biological effects which are inherent in the data 

such as cell-cycle differences between cells also remain and if these effects are not the 

variable under investigation they may contribute sources of unwanted variation to the data. 

One method of accounting for technical and/or biological effects is to regress out these 

sources of variation during the scaling step. It is recommended that if regression is 

performed, it is done on all covariates simultaneously so as to take into account 

dependencies between covariates127. An important consideration is that functions such as 

sctransform202 are performed on single datasets individually and not across multiple 

datasets and so only within-sample/between-cell variation can be regressed out whereas 

between-sample variation cannot be. For example cell-cycle scores, cell sequencing depth, 

and mitochondrial-to-normal gene ratios (mitoRatios) can all be regressed out since these 

vary within a single dataset whereas factors such as batch, sex, or age cannot be regressed 

out at this point in the analysis since they are variables which differ between datasets.  

Nonetheless, batch removal tools such as Combat203 can be used for this purpose of 

accounting for between-sample variation. This makes use of a linear method in which batch 

effects are adjusted for, using both the mean and variance of the data204. As an alternative 

to batch removal tools, which usually use linear methods to correct for batch effects 

between multiple samples, one can also choose to perform data integration which uses 

non-linear methods to correct for batch effects. For example, Seurat v3 offers an integration 

solution which uses canonical correlation analysis to reduce the dimensionality of the data 

and identify correlated features between datasets205. A function is then performed to 

identify pairs of cells between datasets with similar expression profiles known as mutual 

nearest neighbours and these are used as “anchors” to align the datasets in reduced 

dimensional space by adjusting the counts data. In a benchmarking study, this Seurat 

integration method together with Harmony206 and LIGER207 were the top methods assessed 

for batch correction in terms of their ability to successfully mix batches and simultaneously 

preserve the ability to distinguish between different cell types208. Both linear and non-linear 

types of batch removal techniques are done prior to clustering and render datasets more 

comparable for clustering analysis and annotation. Essentially, these methods may 

improve the annotation of multiple datasets by ensuring that cells with similar expression 

profiles end up clustering together and are thus given the same annotation, regardless of 

which sample they come from. This in turn gives one greater confidence that downstream 

applications such as DE analysis between conditions are reliable since like is being 

compared to like (i.e microglia to microglia and astrocytes to astrocytes).  

However, it is important to recognise that batch removal and data integration methods 

modify the count data resulting in some negative values generated which complicates DE 
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analysis. DE analysis tools such as DESeq2 require raw gene counts as input which are 

positive values and so using negative values as inputs undermines some of the assumptions 

of the statistic tests implemented209. Moreover, modifying the underlying data can obscure 

important biological differences between samples if the data is overcorrected. Thus, for DE 

analysis it is recommended that, instead of using the batch corrected expression values, 

one accounts for technical and biological effects by including them as covariates in the 

design formula, which models the effect size of the variable without altering the underlying 

data127. These covariates are then taken into account when statistical tests are performed 

and influence the size of determined p-values209. Nonetheless, batch correction can still be 

performed prior to DE analysis for the purpose of improved clustering and annotation 

(which is included as metadata) after which one can revert to the original raw counts for DE 

analysis.  

A standout characteristic of scRNA-seq data is the abundance of zero counts in the data. 

This has been termed a “drop-out event” to capture the notion that the gene is expressed 
highly or at a moderate level in some cells but not expressed at all in others210. The reason 

for drop-out events has notoriously been attributed to technical effects such as inefficient 

RNA capture and differences in the platform used (droplet-based vs plate-based)210,211. 

However, there is persuasive evidence that UMI-based methods do not in fact generate 

higher drop-out events due to technical artifacts than would be predicted given current 

levels of RNA capture whereas non-UMI based methods do210,211. For UMI-based methods, 

the observed zero-inflation is instead more likely to be caused by biological heterogeneity 

than technical effects and thus represents true zero counts210. For non-UMI based methods, 

which do appear to have a higher rate of drop-out events than predicted, this has been 

attributed to PCR amplification bias which is minimised when using UMIs210. While capture 

efficiency and sequencing depth are not the main contributors of zero-inflated data, 

increasing these can reduce the number of zero counts in the data especially for lowly 

expressed genes where this problem is exacerbated210. This is true regardless of whether 

UMI or non-UMI based methods are used. Computationally, there are numerous strategies 

which have been developed to handle a high number of zero counts in scRNA-seq data. 

Many of these strategies are the same data integration methods used to correct for batch 

effects between multiple datasets such as Seurat integration. 

1.3.4. Dimensionality reduction, clustering, and annotation 

Prior to clustering analysis, dimensionality reduction is required. High dimensional data 

refers to data where the number of features exceeds the number of observations. Single cell 

data has an incredibly high number of dimensions since the number of genes being 

expressed and the number of cells expressing the genes far exceeds the number of samples. 

However, the variation between cells and samples can be sufficiently captured in far fewer 

dimensions than the number of expressed genes. Dimensionality reduction techniques 

attempt to find these dimensions and thereby describe the structure of the data in fewer 
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dimensions. This facilitates the summarization of the most important features that capture 

the variability within the data as well as the visualization of this variability in two-

dimensional space. There are numerous dimensionality reduction techniques designed for 

this purpose, including uniform manifold approximation projection (UMAP) which is a 

method that essentially projects data in high dimensional space and then optimises a low 

dimensional graph to visualise the data in two-dimensions while preserving the structure 

of the high dimensional graph212. In a comparative study of 10 different dimensionality 

reduction techniques, UMAP was found to have the highest stability and was highly capable 

of separating cells into distinct types based on their expression profiles191. An alternative 

method, t-distributed stochastic neighbour embedding (t-SNE), had the highest 

performance overall and was evaluated to have the highest accuracy191, however for 

visualisation purposes it may overstate differences between cell populations127. Thus, for 

the purpose of clustering and annotation, UMAP may be more suitable. Unlike UMAP and t-

SNE which use non-linear methods, principal component analysis uses linear methods and 

can be implemented as a standard for summarization, however its accuracy decreases 

considerably with heterogenous data127.  

Clustering analysis is used to group cells according to similarity in their expression profiles 

and when visualising this process in two dimensions, it can be thought of as demarcating 

the boundaries between cells with similar identities. Cells are allocated to clusters based 

on algorithms which minimise the distances between clusters and identify densely 

populated regions in the reduced dimension space213. The resolution of clustering, which 

controls the number of clusters generated, can be adjusted depending on the goal of the 

investigation. For example, if one intends to identify cell states or novel subpopulations of 

cells then a higher resolution of clustering can be selected which will generate a large 

number of clusters in total200,214. Alternatively, if the purpose of the study is to see how 

expression profiles differ between broad populations of cells than a lower resolution of 

clustering can be chosen resulting in fewer clusters in total and simplifying the annotation 

process.  

Following clustering, a marker identification step is usually performed which outputs the 

top marker genes defining each cluster based on differential gene expression testing 

between each cluster with every other cluster. The annotation of clusters into specific cell 

populations represents a significant challenge in the processing of snRNA-seq datasets as 

it largely relies on the existence of well-defined gene expression signatures of various cell 

types for the tissue under investigation. Fortunately, there are now cell atlases describing 

the diversity of brain cell type gene expression for both mouse and human108–110,112 with 

recent comprehensive analysis of the human brain spanning multiple samples116 and 

multiple brain regions215.  
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Strategies for annotating clusters can be broadly summarised into manual and automated 

approaches127,216. Manual annotation can either involve comparing the top marker genes for 

each cluster to cell type-specific marker genes from the literature and cell atlas databases 

or vice versa whereby known marker genes are searched for in the data to see whether they 

are expressed in specific clusters. Automated annotation can also be split, either into 

automated annotation tools217,218 or label transfer functions205. Both of these approaches 

make use of reference databases to annotate clusters, however, where the former method 

only queries the top marker genes for each cluster from the datasets, the latter method 

queries the entire expression profile of each individual cell205, and so label transfer may be 

more accurate.  

Ideally both automated and manual annotation tools should be used together since 

reference databases may not have the exact same cell types as the dataset being studied 

and thus one must rely on one’s own discretion to determine whether a particular 
annotation makes sense or not. An interesting development in cluster annotation analysis 

is the use of machine learning methods to improve annotation. A study by Aevermann et al. 

(2021) describes a machine learning method to identify the minimal combination of marker 

genes that optimally defines clusters based on weighing up certain parameters including 

whether a given marker is unique to a cluster and whether it is highly expressed in all cells 

of that cluster219. This may prove useful for annotating cells by increasing the accuracy of 

the marker genes determined for a cluster. Moreover, it may contribute to the discovery of 

novel cell type-specific markers which can be added to consensus databases which 

formalise the knowledge of accurate markers for the classification of cell types, cell 

subtypes, and cell states across multiple brain regions. One exciting discovery from this 

study is that 24% of the determined marker genes for the human middle temporal gyrus 

were long non-coding RNAs suggesting that these may be contributing to cell-type-

specificity219.   

1.3.5. Differential gene expression analysis  

When processing single cell data, differential gene expression analysis can be performed 

between unannotated clusters, annotated clusters, or between groups of samples which 

are part of different conditions or experimental groups. The focus of the discussion here is 

the last option of performing DE analysis between different conditions for each annotated 

cell type individually. Researchers have approached this analysis using two types of 

strategies: either creating new DE analysis tools for specifically handling single-cell data or 

repurposing bulk RNA-seq DE analysis tools such that they can be applied to single-cell data 

(referred to as pseudobulk differential gene expression analysis)127. Single cell DE methods 

were designed to deal with specific characteristics of scRNA-seq data, such as the 

abundance of zeros and cellular heterogeneity, while pseudobulk methods are better 

suited for accounting for biological variation between samples127. 
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Both approaches have significant challenges which have only begun to be addressed 

recently. Pseudobulk methods sum or average the gene counts across an entire cluster for 

each sample separately which does not take advantage of the high resolution of single-cell 

data as data points and information is lost in the process220. Essentially, the within-sample 

variability that exists between cells of the same sample is not accounted for. Importantly, if 

this within-sample variability exceeds the between-sample variability (as is typically the 

case with single-cell data), the aggregation or averaging of counts per sample results in 

inaccurate estimations of the variation within the group. Consequently, pseudobulk 

analysis is underpowered leading to false negative results220. This problem is exacerbated 

when the number of cells per sample differs considerably. The most effective way to 

increase the power is to increase the sample size (i.e have more biological replicates not 

more cells). 

On the other hand, the main problem with the single-cell DE methods is that most of these 

tools have treated cells as samples when in fact they are subsamples or pseudoreplicates186. 

This violates statistical assumptions. For example, it assumes that samples are 

independent of each other, but they are not since cells from the same sample share a 

genetic background186. The consequence of this is that within-group variation appears to 

be incredibly low leading to a high false positive rate because biological variation between 

samples in different conditions is mistaken for a true difference between conditions186. 

Highly expressed genes are more susceptible to falsely being identified as differentially 

expressed using single-cell DE methods as these are generally more variable between 

replicates than lowly expressed genes and so small differences between groups in the 

expression of these genes is incorrectly attributed to the independent variable under 

investigation186. Once again, increasing the number of biological replicates helps to combat 

this problem whereas increasing the number of cells per replicate only worsens it186. The 

failure to properly account for dependency between cells from the same sample may 

explain why comparative studies of DE methods find pseudobulk methods to fare equally 

well or even better than single cell methods187. 

One suggestion to get around this problem is to use generalized linear mixed models, which 

treat each cell as a sample but include “individual” as a random effect thereby accounting 

for the correlation between cells sampled from the same individual186. Software packages 

such as MAST are already well-established and have shown to successfully control for type 

I error rates (false positives) when “individual” was adjusted for as a random effect221. 

However, the problem of a high false positive rate persists when the sample size is small222. 

To address this, Zhang et al. (2022) proposed a new method for differential expression 

analysis using single cell data which simultaneously accounts for the dependency between 

cells from the same individual as well as variation between cells of the same sample222. This 

novel tool, Individual level Differential Expression Analysis for ScRNA-seq data (IDEAS), first 

models the distribution of gene expression across cells from the same individual, then 
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compares these distributions between any two individuals, and subsequently evaluates 

whether within-group differences are smaller than between-group differences to decide if 

a gene is differentially expressed between conditions222. IDEAS also accounts for two types 

of covariates: cell-level covariates such as sequencing depth as well as sample-level 

covariates such as batch, sex, and age222. This enhances the biological signal of interest 

since both biological and technical variability are taken into account when making 

statistical inferences. However, it is important to remember that in any regression method 

which includes covariates, there are dependencies between biological effects and so by 

adjusting for one variable one may inadvertently mask the effects of another variable 

including the independent variable under investigation. Thus, one must ensure that the 

model design matrix is full rank meaning that the variable distinguishing the groups of 

interest is not confounded by other variables and likewise, covariates to be regressed out 

such as batch must not be confounded by other covariates such as sex209.  Taken together, 

IDEAS represents a promising alternative to previous approaches as it exploits the 

information provided by single cell data without violating statistical assumptions due to 

improper identification of the experimental unit (i.e treating cells as samples)222. However, 

it has not yet been optimised to perform a multigroup comparison and so in instances 

where there are multiple levels for the variable of interest, a pairwise comparison between 

each level is required followed by correcting for multiple testing. 

Until recently, no method had been described to specifically identify genes that change 

their expression in time-series scRNA-seq experiments. While time-series data has typically 

been analysed using pseudotime trajectory tools223–225, these approaches are limited for 

identifying genes that changes as a function of time226. Essentially, trajectory inference 

methods attempt to order cells along trajectories in order to identify biologically relevant 

transitions between cell states or subpopulations. To do this, they use unsupervised 

methods which order cells according to the greatest source of variation in the data223,224. 

However, genes that are varying over the time series are not necessarily the genes that 

contribute the most variation between cells so these methods are not always suitable to 

identify time-series relevant genes226. To address this gap, Macnair et al. (2022) designed a 

tool known as Psupertime which uses a supervised regression model to identify genes that 

vary coherently across time-series data by providing the time-series information as input226. 

This circumvents the problem of trajectory inference methods not ordering cells in a way 

that recapitulates the time-series order.    

To fully exploit the power of single cell analysis, post hoc computations can be performed 

with the significant DEGs, such as computing the percentage of nuclei expressing each gene 

for each condition. This will allow one to distinguish whether a gene is differentially 

expressed because of differences in the level of expression within individual cells or simply 

because more cells express the gene in one condition.  
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1.3.6. Gene Ontology and pathway enrichment analysis 

To interpret differential expression analysis results, gene set enrichment analysis can be 

performed which provides insight into the putative functions of genes. This makes use of 

databases containing information regarding the functions of genes which have been 

defined according to structured, controlled vocabularies. For example, the Gene Ontology 

(GO) Consortium has generated a controlled vocabulary comprising of more than 30 000 

precisely defined phrases referred to as GO terms which annotate genes according to their 

functions at a molecular level, the biological processes they are involved in, and the cellular 

locations where they function227. Gene set enrichment analysis (GSEA) determines whether 

a gene set from a database such as the GO database is significantly enriched in an input list 

of genes from omics experiments, thereby providing information of the possible functions 

of genes of interest228. There are numerous tools which have been developed to perform 

GSEA, including the Broad Institute’s GSEA tool229, gProfiler230, and EnrichR231. Although 

these tools provide insight into gene functions, the definitions were established based on 

specific evidence from the literature usually within a particular cell line, tissue, or animal 

model. Thus, in order to draw any confident conclusions regarding a gene’s function, 
further wet-lab validation of candidate genes is required.  

While there are numerous computational tools which have not been described here, I have 

provided an overview of a typical sc/snRNA-seq workflow, highlighting some of the key 

considerations and popular tools for carrying out this analysis.  

1.4. Relevance of the research in the South African context 

Unlike neuropsychiatric illnesses which often have a strong heritable component, there are 

many neurological disorders which are sadly preventable but remain prevalent in 

developing countries such as South Africa232. Poverty is a leading risk factor for preventable 

neurological disease with violence, poor medical services, and environmental factors such 

as lack of hygiene, epidemics, trauma, and natural disasters being associated risk 

factors232,233. In South Africa, neurological complications as a result of infections such as 

tuberculosis, HIV, and streptococcus are the dominant neurology cases234–236. In terms of the 

paediatric population specifically, seizures as a complication of neuroinfection, traumatic 

brain injury95,237,238, and foetal alcohol syndrome remain prevalent, with the Western Cape 

province of South Africa having the leading rate of foetal alcohol syndrome globally239. 

Devastatingly, South Africa also faces a high rate of cerebral palsy incidence compared to 

the global average240,241 – a fact which has been attributed to medical malpractice during 

childbirth242.  

While there are major efforts to treat and combat these acquired neurological conditions, 

there are few studies examining these conditions at the level of transcriptome-wide gene 

expression in the paediatric brain, with even less known about cell type-specific 

dysregulation of gene expression in both the maturing and adult brain243–247. Nonetheless, 
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there have been several insights into the aetiology of specific conditions at the level of gene 

expression. For example, a scRNA-seq study in a mouse model of acute concussive brain 

injury implicated specific genes and cell types in the pathogenesis of traumatic brain injury 

(TBI) which included the dysregulation of metabolic genes in astrocytes and neurons 

whereas amyloid genes were dysregulated in ependymal and endothelial cells122. Notably, 

altered metabolism has also recently been implicated in microglia of paediatric TBI 

patients248 which is corroborated by an independent single-cell study in a mouse model of 

mild TBI249. This line of research may promote the generation of novel cell type-specific 

therapies such as drug-conjugated dendrimer nanoparticles250 to manipulate microglial 

function which may be useful in treating the numerous disorders where microglia have 

been implicated such as HIV-associated neurocognitive disorder251,252 and meningitis253.   

Future endeavours by South African paediatric researchers can focus efforts into 

understanding the molecular and cellular basis for various neurological disease 

phenotypes relevant to the population using single-cell methods. Considering that by 2050 

37% of the world’s children will grow up in Africa254, studying the African paediatric 

population and understanding how neurological disorders manifest differently in this 

population compared to adults has never been more pertinent.  

1.5. Research aims and objectives 

1.5.1. Research aims 

The main aim of this study is to investigate the cellular and molecular changes occurring 

during postnatal human brain maturation at single cell resolution with a particular focus 

on changes to the expression of lncRNAs over this period.  Transcriptomic datasets were 

generated for both paediatric and adult datasets in order to identify changes occurring as 

the brain matures. The adult datasets served as a reference for exploring the paediatric 

datasets. 

1.5.2. Research objectives 

1. Use the 10X Genomics Chromium controller to generate snRNA-seq datasets from bio-

banked ante-mortem brain tissue samples.  

 

2. Apply bioinformatics methods to process the snRNA-seq datasets from Objective 1 

alongside publicly available datasets. This includes i) filtering the datasets to retain high 

quality nuclei, ii) integrating and clustering the datasets, iii) annotating the resulting 

clusters, iv) identifying the minimal marker genes required to define and distinguish cell 

types, v) performing analyses to identify both coding and non-coding genes whose 

expression changes with age, and iv) determining putative functions of a subset of 

relevant DEGs using GSEA 
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3. Use the 10x Genomics Visium spatial transcriptomic solution to validate the expression 

of a subset of relevant genes which represent cell type-specific markers.  

 

4. Perform in silco functional characterization of lncRNAs of interest.  

1.6. Research hypotheses 

While the nature of this study is largely exploratory as opposed to hypothesis-driven, I 

developed several loose hypotheses based on the state of the literature. I hypothesise that 

we will identify a greater number of DEGs with age compared to previous transcriptomic 

studies of brain maturation. I expect to see this increase because the analyses may expose 

cell type-specific expression differences between ages that would previously have been 

masked by an averaging out of the expression signal when measuring gene expression at 

the tissue rather than cellular level. Additionally, I speculate that some of the marker genes 

characterising cell types may be specific to either paediatric or adult samples. Lastly, I 

hypothesise that some of the genes whose expression changes with age may be associated 

with early-onset neurological conditions as well as biological processes that underlie brain 

maturation.  
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Chapter 2: Research Methodology  

 

2.1. Live human brain tissue samples 

Ethics was granted for the use of paediatric and adult human brain tissue by the University 

of Cape Town Human Research Ethics Committee (UCT HREC REF 016/2018; sub-study 

147/2022). The human brain tissue samples used in this study were obtained during elective 

surgeries performed at the Red Cross War Memorial Children’s Hospital and Constantiaberg 
Mediclinic in Cape Town, South Africa. The samples were all of temporal cortex origin and 

included a total of 23 samples from 12 donors (Table 2.1). Tissue was transported in 

carbogenated choline (1X Choline, 0.03 M NaHCO [Sigma-Aldrich, US], 0.0 1M D-Glucose [ 

Sigma-Aldrich, US], 0.005% PenStrep [Sigma-Aldrich, US]) immediately from the hospital to 

the laboratory (~30 mins).  Individual dissected pieces, which contained all layers of the 

temporal cortex from the outer layer 1 to the inner white matter, were either flash frozen in 

liquid nitrogen or embedded in OCT and stored at -80 ºC until needed. The OCT-embedded 

pieces were flash frozen in a 10×10 mm2 cryomold [Sigma-Aldrich, US] which was either 

frozen directly in liquid nitrogen or placed in a container of isopentane [Merck] which was 

in turn placed in liquid nitrogen at the same level as the isopentane. The publicly available 

datasets from Thrupp et al. (2020)255 were downloaded from the Sequence Read Archive 

(SRA) database and were based on samples obtained during elective surgeries performed 

at UZ Leuven in Belgium.  
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Table 2.1. Summary of sample metadata. Samples are ordered by age. The eight “P00” datasets were 

generated in the Hockman laboratory while the four “Nuc” datasets were generated by Thrupp et al. (2020)255. 

The P0013 and P0015 datasets were generated by Stephanie Fillmore for her Master’s dissertation. 

 

Sample ID 
Age 

(years) 
Sex Diagnosis Analysis 

Number 

of 

technical 

replicates 

Technical 

replicate 
Batch 

10X Genomics 

Single Cell 

Chemistry 

Platform 

P0001 4 M 

Left temporal 

lobe dysplasia 

and epilepsy 

snRNA-seq, 

Visium 
1 T1 E V3.1 

P0018 5 F 

Right anterior 

temporal 

lobectomy 

and removal 

of choroidal 

cyst 

snRNA-seq 2 

T1 D 

V3.1 

T2 D 

Nuc-RM77 7 M 

Epilepsy 

caused by 

brain tumor 

snRNA-seq 2 
T1 A 

V2.0 

T2 A 

P0011 9 F 

Right sided 

Rasmussen's 

with 

refractory 

epilepsy 

snRNA-seq 2 

T1 D 

V3.1 

T2 D 

P0013 15 F 

Left temporal 

lesion 

(ganglioma) 

and epilepsy 

snRNA-seq, 

Visium 
6 

T1 B 

V3.1 

T2 B 

T3 B 

T4 B 

T5 C 

T6 C 

P0029 15 M 
Left temporal 

lobe epilepsy 

snRNA-seq, 

Visium 
1 T1 G V3.1 

Nuc-RM102 20 F 

Therapy 

resistant 

epilepsy 

snRNA-seq 2 
T1 F 

V2.0 

T2 F 

Nuc-RM95 24 F 

Epilepsy 

caused by 

brain tumor 

snRNA-seq 2 
T1 F 

V2.0 
T2 F 

P0028 26 F 

 Left medial 

temporal 

lobe/ 

hippocampus  

glioblastoma 

snRNA-seq 1 T1 E V3.1 

P0015 31 M 
Temporal 

lobe epilepsy 

snRNA-seq, 

Visium 
2 

T1 C 
V3.1 

T2 C 

P0026 41 F 

Right 

temporal 

neocortical 

epilepsy, 

snRNA-seq 1 T1 G V3.1 

Nuc-RM101 50 F 

Therapy 

resistant 

epilepsy 

snRNA-seq 1 T1 A V2.0 
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2.2. Nuclei isolation for single nucleus RNA sequencing 

Nuclei were isolated according to a protocol adapted from Habib et al. (2017)256 and the 10X 

Genomics nuclei isolation protocol (CG000124, User Guide Rev E)257 (Fig 2.1). Frozen brain 

tissue was homogenised in a dounce-homogeniser containing 2 ml ice-cold lysis solution 

(Nuclei EZ Lysis Buffer [Sigma-Aldrich, NUC101] on its own or Nuclei PURE Lysis buffer 

[Sigma-Aldrich, NUC201] with 1 mM dithiothreitol [DTT, Promega, P1171, US] and 0.1% 

Triton X-100 [Sigma-Aldrich, NUC201-1KT, US]). Homogenisation was done 20 times with 

the loose pestle A followed by 20 times with the tight pestle B. An additional 2 ml lysis 

solution was added, and the sample was incubated for 5 mins on ice.  

The sample was centrifuged at 500 x g for 5 mins at 4 ºC after which the supernatant was 

discarded and the nuclei resuspended in 3 ml ice cold nuclei suspension buffer 

(1xphosphate-buffered saline [PBS, Sigma-Aldrich, P4417-50TAB, US]), 0.01% bovine serum 

albumin [BSA, Sigma-Aldrich, A2153-10G, US], and 0.2 U/µl RNAsin Plus RNase inhibitor 

[Promega, N2615, US]). Resuspended nuclei were passed through a 40 µm filter and 

centrifuged at 900 x g for 10 mins at 4 ºC. The supernatant was discarded and pelleted nuclei 

were resuspended in 3 ml blocking buffer (1xPBS [Sigma-Aldrich, P4417-50TAB, US], 1% 

BSA [Sigma-Aldrich, A2153-10G, US], 0.2 U/µl RNAsin Plus RNase inhibitor [Promega, N2615, 

US]).  

To remove myelin debris, 30 µl of myelin removal beads [Miltenyi Biotec. 130-096-733, US] 

was added to the solution which was mixed by gently pipetting 5 times. The sample was 

incubated for 15 mins at 4 ºC after which it was mixed with 3 ml blocking buffer and 

centrifuged at 300 x g for 5 mins at 4 ºC. The supernatant was removed and the nuclei were 

resuspended in 2 ml clean blocking buffer. The sample was transferred to a 2ml microtube 

and placed on a Dynamag magnet for 15 mins at 4 ºC. The supernatant was transferred to a 

new microtube and stored on ice. Equal volumes of trypan blue and nuclei suspension were 

mixed and loaded onto a haemocytometer and a brightfield microscope was used to count 

nuclei. The concentration of nuclei was subsequently adjusted by either concentrating or 

diluting in an appropriate volume of blocking buffer to obtain a concentration of ~1000 

nuclei/µl.  
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Figure 2.1. Schematic of the sample preparation workflow for snRNA-seq runs using the 10X Genomics 

platform. (1) Flash frozen brain tissue piece was homogenised in lysis buffer to rupture cell membranes and 

release the nuclei from cells. (2) The sample was centrifuged to pull down nuclei and the supernatant 

containing cell debris discarded. (3) Resuspended nuclei were filtered through a 40 µm cell strainer to further 

remove debris. (4-6) Two centrifugation steps were performed and myelin removal beads were added to the 

nuclei suspension. (7) The Dynamag magnet was used to bind myelin debris attached to the myelin removal 

beads and the supernatant obtained. (8) Nuclei were stained with trypan blue and loaded onto a 

hemocytometer. A brightfield microscope was used to visualise the nuclei and manual counting was 

performed to estimate nuclei concentrations.  Figure compiled with Biorender. 

2.3. 10X Genomics snRNA-seq library preparation 

snRNA-seq library preparation (see Fig 1.5) was carried out using the 10x Genomics 

Chromium Next Gen Single Cell 3’ Reagent Kit (v3.1)134 according to manufacturer’s 
protocols (CG000204, User Guide Rev D). The 10X Genomics Chromium Controller was 

loaded with partitioning oil, gel-beads, nuclei, and master mix (reverse transcription [RT] 

reagent, template switch oligo, Reducing Agent B, and RT Enzyme C). The volumes of nuclei 

suspensions loaded were determined using the Cell Suspension Volume Calculator Table in 

the 10x Genomics user guide to target 10 000 nuclei per sample. Individual nuclei are 

captured in an oil droplet together with a gel-bead to form gel bead-in-emulsion (GEMs). 

Each gel bead comprises of thousands of oligonucleotide probes which have a poly(dT) 

primer sequence for capturing transcripts by their polyA tails, a UMI, and a 10X barcode 

specific to the gel bead (Fig 1.5). The transcripts in each nucleus are converted to barcoded, 

full-length cDNA during the GEM-RT incubation step.  Following GEM incubation, the cDNA 

was amplified using 11 PCR (polymerase chain reaction) cycles yielding a sufficient mass for 

library construction. To assess the quality of the libraries, their fragment size distributions 

were determined using the Agilent TapeStation or Agilent Bioanalyser at the Central 
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Analytical Facility (CAF, University of Stellenbosch) (Supp Fig 2.1-2.3). Qubit analysis was 

also performed to quantify cDNA concentrations (Supp Table 2.1).  

Subsequently, an enzymatic fragmentation step and a size selection step was performed 

using Solid Phase Reversible Immobilization Methodology (SPRI) select reagent (Beckman 

Coulter, US). This was done to select cDNA amplicons that are of optimal size for Illumina 

sequencing. A sample index and sequencing primers were added to each of the libraries via 

fragmentation, end repair, A-tailing and Sample index PCR. Based on the cDNA yield 

determined by the Qubit analysis (Supp Table 2.1), 13 PCR cycles were selected to amplify 

the libraries, after which quality control was performed (Supp Fig 2.1-2.3) as was done prior 

to the fragmentation step. The final libraries comprised of P5 and P7 primers for sequencing 

the cDNA fragment, TruSeq reads 1 and 2 for paired-end Illumina sequencing, a 16 base pair 

(bp) 10X barcode distinguishing transcripts from different nuclei, a 12 bp UMI distinguishing 

each original transcript for accurate transcript quantification post-sequencing, and the 

sample-index to enable sample multiplexing during Illumina sequencing (Fig 1.5). cDNA 

libraries were sequenced by Novogene (Singapore) on either the Illumina HiSeq or NovaSeq 

system using the Illumina High Output kits (150 cycles).  

2.4. snRNA-seq bioinformatics analysis 

The snRNA-seq datasets were processed using a pipeline adapted from the Harvard Chan 

Bioinformatics Core199. This included data pre-processing, quality control steps, data 

normalisation, scaling, integration, clustering analysis, marker gene identification, and 

differential expression analysis (see Fig 1.7).  

2.4.1. Read alignment and gene expression quantification 

Fastq file reads obtained from Novogene were aligned to a human reference transcriptome 

(GRCh38) and quantified using the count function from the 10X Genomics Cell Ranger v6.1.1 

software (Cell Ranger, RRID SCR_017344, https://support.10xgenomics.com/single-cell-

gene-expression/software/pipelines/latest/what-is-cell-ranger) (Code availability, script 

1). The inclusion of introns was specified in the count function. This was done for all 

datasets included in this study (those generated in our lab as well as the publicly available 

datasets). An automatic filtering process was performed to remove barcodes 

corresponding to background noise which have very low UMI counts and likely represent 

GEMs which captured ambient RNA from dead or lysed cells. The quality control outputs 

from this analysis are in Supp Table 2.2 and Extended Data 1.  

2.4.2. Quality control 

The filtered gene barcode matrix for each sample was imported into R using the Read10X 

function from the Seurat (v.2.0) package200. Nuclei-level filtering was performed to remove 

poor quality nuclei according to their number of unique molecular identifiers (nUMIs) 

detected, number of genes detected (nGene), number of genes detected per UMI 
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(log10GenesPerUMI), and the fraction of mitochondrial read counts to total read counts 

(mitoRatio) (Code availability, script 2). Nuclei that met the following criteria were retained: 

nUMI > 500, nGene > 250, log10GenesPerUMI > 0.8 and mitoRatio < 0.2199. Gene-level filtering 

was performed to remove genes that had zero counts in all nuclei, remove genes expressed 

in fewer than 10 nuclei, and remove mitochondrial genes from the gene by cell counts 

matrix. Additionally, three doublet removal tools namely DoubletFinder196 (Code 

availability, script 3), DoubletDecon197 (Code availability, script 4), and Scrublet195 (Code 

availability, script 5) were used to identify doublets for each dataset individually. Doublets 

are technical artefacts due to two nuclei being captured together during GEM generation 

and being labelled with the same the same molecular barcode which can confound 

downstream analysis195. The sample-specific parameters of each of the tools were adjusted 

according to the guidelines. For Scrublet, the threshold for doublet removal was 

determined by the number of doublets corresponding to the minimum between the two 

modes of the distribution of simulated doublets. For DoubletFinder, a parameter known as 

the pK value, which is a measure of neighbourhood size in gene expression space, was 

adjusted. A neighbourhood that is too large or too small can negatively affect the ability to 

distinguish singlets from doublets. For DoubletDecon, the rho prime value was optimised 

for each dataset to control the merging of similar clusters. In general, larger rho prime 

values were selected in favour of separating clusters instead of merging them in order to 

promote accurate simulation of heterotypic doublets. To achieve a balance between the 

false positive and false negative rate of the different doublet detection tools, all doublets 

identified by DoubletFinder as well as the intersection of the doublets identified by 

DoubletDecon and Scrublet, were removed197. 

2.4.3. Data normalization, integration and clustering 

Prior to integration, principal component analysis (PCA) was performed to evaluate known 

sources of within-sample variation between nuclei, namely the mitoRatio and cell cycle 

phase (Code availability, script 6). The UMI counts of the 3000 most variable features were 

normalised and scaled on a per sample basis by applying Seurat’s SCTransform function 
with mitoRatio regressed out since it was a source of unwanted variation between nuclei. A 

Uniform Manifold Approximation and Projection (UMAP) analysis was performed on the 

merged object to assess whether integration was necessary. The datasets were 

subsequently integrated using Seurat’s SelectIntegrationFeatures, PrepSCTIntegration, 

FindIntegrationAnchors, and IntegrateData functions to align similar cell types across the 

datasets (Code availability, script 6). The features selected for integration were genes that 

were shared between samples of the 3000 most variable genes identified for each sample 

by SCTransform. To cluster the datasets following integration, dimensionality reduction 

was first performed using UMAP embedding, specifying 40 dimensions (Code availability, 

script 7).  The Seurat FindClusters function, which uses a shared nearest neighbour 

(SNN) clustering algorithm, was then applied at a resolution of 0.8 – producing 40 clusters.  
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2.4.4. Cluster annotation 

Clusters were annotated at both the broad cluster level as well as the subcluster level. The 

broad cluster annotations were determined using a consensus annotation from several 

methods. Firstly, the FindAllMarkers function was applied to the integrated datasets using 

the default Wilcox test, a log fold change threshold of 0.25, and specifying positive markers 

only (Code availability, script 8).  The output of FindAllMarkers (Supp Table 2.3)  was used 

as input into an automated annotation tool, SCSA218 (Code availability, script 9), which 

attempts to annotate clusters based on matching the marker genes identified for each 

cluster to lists of known cell type markers from the literature. A parallel automated 

annotation tool, scCATCH217 (Code availability, script 10), was also applied which is based 

on the same principle as SCSA. In addition to automated annotation, violin plots were 

generated for several cell type-specific marker genes from Hodge et al. (2019)109, Bakken et 

al. (2018)129, and Lake et al. (2018)110 to examine which clusters expressed the markers most 

highly (Code availability, script 11). Lastly, an independent label transfer operation was 

performed using Seurat’s TransferData function wherein the Allen Institute for Brain 

Science’s Smart-seq human middle temporal gyrus (MTG) dataset109 served as a reference, 

while the integrated dataset served as the query (Code availability, scripts 12-13). This 

resulted in each barcode in the query dataset receiving a predicted annotation based on a 

similarity score to an annotated cell type in the reference. The nuclei from the reference 

MTG dataset were annotated into 1 of 75 transcriptionally distinct cell types that were 

labelled according to the broad cell type they belonged to, the layer(s) from which they 

were dissected, the expression of a marker gene for the broad subtype, and the expression 

of a marker gene for the specific subtype109. For example, nuclei belonging to Exc L2 LAMP 

LTK population were assigned to the excitatory class (Exc) based on higher expression of 

the excitatory marker, SLC17A7, compared to other broad cell type-specific markers. The 

nuclei were dissected from layer 2 and expressed LAMP5 at a higher level than other 

excitatory subtype markers such as RORB and THEMIS. Lastly, the marker gene, LTK, 

showed the greatest difference in its level of expression in the Exc L2 LAMP LTK cluster 

compared to all other clusters.  

By combining the various manual and automated annotation methods, the 40 initial 

clusters were collapsed into 7 broad cell types, namely inhibitory neurons, excitatory 

neurons, oligodendrocyte precursor cells (OPCs), astrocytes, oligodendrocytes, endothelial 

cells, and microglia (Code availability, script 14). The subcluster annotations were derived 

solely from the label transfer operations using the Allen MTG as the reference dataset. These 

included high resolution annotations resulting in 54 different cell-types 

(Allen_high_resolution_cluster_label). To enhance our certainty of the high resolution 

cluster annotations assigned, the expression of top marker genes from Hodge et al. (2019) 

were plotted to confirm their expression in the expected cell type. Cell composition plots 
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showing the relative abundance of the 54 cell types were generated comparing either the 

12 samples, the 23 technical replicates, or the adult samples to the paediatric samples. 

As an additional validation, similarity scores were computed to compare the transcriptomic 

similarity of each of the 54 query cell types to the 75 reference middle temporal gyrus cell 

types (Code availability, script 15). This was achieved by first sub-setting genes in our data 

with a beta score > 0.5. The beta score is a measure of a gene’s ability to distinguish different 
cell types. While a high beta score is ideal to maximise the classification power of the 

subsetted genes, choosing a beta score that is too high would result in an insufficient 

number of genes being subsetted to be able to distinguish all cell types, hence a threshold 

of 0.5 was used. A Pearson correlation was then performed to correlate the median 

expression of the subsetted genes between our clusters and the Hodge et al. (2019) clusters 

using the gene counts from the RNA assay counts slot.  

2.4.5. Cell-type marker identification 

The NS-Forest tool (v3.0)219 was used to identify small combinations of marker genes 

uniquely defining each high resolution subcluster for each sample individually (Code 

availability, script 16-18). This was performed to explore the diversity between cell sub-

types and between samples without having to examine hundreds of marker genes. A 

random-forest model was used to select a maximum of 100 marker genes per cell type and 

sample based on them being both highly expressed as well as uniquely expressed within a 

cell type compared to other cell types. The list of markers was ranked accordingly and the 

top 6 genes were selected for further testing to identify the smallest combination of marker 

genes necessary to define a cell type and distinguish it from other cell types. This process is 

achieved in six main steps outlined in Aevermann et al. (2021) namely: (1) A cell-by-gene 

matrix comprising of annotated cell types serves as input for producing binary classification 

models for each cell type, (2) marker genes were identified from the models and ranked 

according to Gini Index (measure of the probability that a randomly chosen gene is 

incorrectly classified),  (3) negative marker genes were removed, (4) the remaining genes 

were ranked by their binary expression scores and the top 6 genes were extracted, (5) 

decision tree analysis was used to obtain expression level cutoffs for the marker genes, and 

(6) F-beta scoring was used to assess the classification power of all permutations of the 

selected markers and the top permutation selected as the best combination of markers for 

defining the cell type. The number of trees chosen for this model was 50 000, the cluster 

median expression threshold was set to the default value of zero, the number of genes used 

to rank permutations of genes by their F-beta-score was 6, and the beta weight of the F 

score was set to 0.5 allowing the NS-Forest outputs to be directly compared to those from 

Hodge et al. (2019)109 and Aevermann et al. (2021)219. To assess the relevance of these 

markers in terms of their capacity to distinguish different cell types, the SCT and integration 

methods were repeated using either a random set of genes or the NS-Forest markers as 

anchors for integration based on the quality control method used by Aevermann et al. 
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(2021)219 (Code availability, script 19). The resulting UMAPs were compared to the original 

UMAP (Section 2.3.4) which used the shared highly most variable genes across datasets as 

anchors.  

2.4.6. DESeq2 age-dependent differential gene expression analysis 

DESeq2209 was used to identify genes that were differentially expressed with age (Code 

availability, script 20). Samples were first binned into five different epochs as follows: epoch 

1 = 4-year-old and 5-year-old; epoch 2 = 7-year-old, 9-year-old; epoch 3 = 15-year-old B1 and 

15-year-old B2; epoch 4 = 20-year-old, 24-year-old, 26-year-old, and 31-year-old; and epoch 

5 = 41-year-old and 50-year-old. These bins were chosen in agreement with the periods of 

human development and adulthood defined in Kang et al. (2011). The counts were 

aggregated across all nuclei for each cluster and sample to generate a ‘pseudobulk’ counts 
matrix with the counts from technical replicates collapsed to the level of biological 

replicates. Principal component analysis was performed on each cluster separately in order 

to assess the variation between samples and determine which variables were contributing 

most to inter-sample variation from a set of possible variables. The collapsed counts served 

as input into DESeq2’s DESeqDataSetFromMatrix function in which the design formula 

~single_cell_chemistry + epoch was specified to treat epoch (age) as the variable of interest 

while the effect of single_cell_chemistry (version2 vs version3 chemistry) was regressed 

out. The full model thus included both epoch and single_cell_chemistry whereas epoch was 

removed from the reduced model. The DESeq2 function was performed using the likelihood 

ratio test (LRT) with the null model equal to ~single_cell_chemistry indicating that the 

effect of this covariate should be modelled. DESeq2 models the counts for each gene using 

a negative binomial distribution as described by the generalised linear equation below:  𝐾𝑖𝑗~𝑁𝐵 (𝜇𝑖𝑗, 𝛼𝑖) 

where Kij represents the raw count for gene i, sample j that are modelled using the negative 

binomial distribution, NB. The parameters 𝜇𝑖𝑗 and  𝛼𝑖  represent the fitted mean and a gene-

specific dispersion parameter, respectively.  

The raw gene counts were normalised using the median of ratios method which makes use 

of sample-specific size factors to account for differences in sequencing depth between 

samples, including differences in the number of nuclei per sample209. A regularized log 

transformation of the normalised counts was performed which moderates the variance 

across the mean and gene-wise dispersion estimates are then computed for each gene.   

The LRT method allows for a multigroup comparison by conducting a hypothesis test 

comparing the fit of the full model to the fit of the null model for each gene. The only 

difference between the full model and the null model is the inclusion of epoch as a covariate 

into the full model, and thus by comparing the fit of these two models to each other, one 

can test whether there is a significant amount of variation that is explained by age. Briefly 
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this is done by computing a statistic known as the likelihood ratio (LR) which can be 

described as follows:  

𝐿𝑅 =  −2 ln (𝐿(𝑚1)𝐿(𝑚2)) 

where L(m1) represents maximising a likelihood function such that under the null model, 

the observed expression count for a gene is most probable 

 and L(m2) represents maximising a likelihood function such that under the full model, the 

observed expression count for a gene is most probable. 

DESeq2 implements an Analysis of Deviance (ANODEV) method to test whether this ratio is 

significantly different from zero and calculates an associated p-value based on LR following 

a chi-squared distribution. If the null hypothesis is rejected for a gene, this can be 

understood as the gene being differentially expressed across the different levels (epochs), 

that is to say, the level of gene expression is significantly different between at least two 

epochs. The associated p-values for each gene were adjusted for multiple testing using an 

alternative of the Benjamini-Hochberg method. A precise interpretation of adjusted p-

values that are significant is as follows: the addition of epoch as a covariate in the full and 

not in the null model increased the log likelihood more than would be expected if the true 

value for the coefficient associated with epoch was zero. 

The log2 Fold Changes for each pairwise comparison were obtained using the DESeq2 

results function and specifying each contrast (e.g epoch1 vs epoch2; epoch1 vs epoch3 etc). 

Additionally, the set of significant DEGs for each cluster were grouped according to similar 

temporal patterns of expression using the degPatterns function from the DEGreport 

package258.  

2.4.7. Psupertime time-series single cell differential gene expression analysis 

Psupertime226 was used to identify a set of interpretable genes whose expression varies with 

age within each cell type (Code availability, script 21). To achieve this, Psupertime first 

performs filtering to remove genes expressed in fewer than 10% of nuclei in the cell 

population of interest, data denoising, correcting for drop out events, and scaling of gene 

expression counts. This is done for each cell type on its own where previously filtering was 

performed on the entire dataset for each sample (Section 2.3.2). Subsequently, ordinal 

regression is performed to determine a coefficient for each gene with the likelihood for the 

regression defined by multiple simultaneous logistic regression equations that try to 

separate the nuclei according to the age of the donor from which they originate i.e if the 

number of donors in the time-series is K, each equation seeks to separate donor 1…k from 
donor k+ 1…K. Thus, the resulting coefficients are a measure of each gene’s ability to 
explain the order of the time-series labels. Genes with a non-zero coefficient are considered 

to be relevant and should vary in their expression with age. To visualise the change in gene 
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expression across the time-series, Psupertime computes a pseudotime value for each gene 

which approximately recapitulates the order of the time-series labels by multiplying the 

expression value of each gene by its estimated coefficient. For each nucleus, the expression 

value of a gene of interest can then be plotted against the pseudotime value for the nucleus. 

This is done for all nuclei with a cell type to visualise the change in expression with donor 

age.  

Psupertime was applied to each cell type individually resulting in a list of relevant genes 

(for which the coefficient βi >0). Notably, cell populations which had an insufficient number 

of nuclei in total or had an insufficient number of nuclei for at least one sample were 

excluded from the analysis as a generalized linear model could not be fitted to the data (the 

penalized factor exceeded the number of data points). For the successful cell populations, 

the relevant genes were then grouped into patterns of similar expression using a standard 

hierarchical clustering method (R’s hclust method was applied to the scaled log 
transformed average expression values across the samples). The number of clusters chosen 

was k=20 unless there were fewer than 20 genes in which case the number of genes was 

used. Clusters with seemingly similar expression patterns were grouped together on a 

posthoc, observational basis. 

2.4.8. IDEAS pairwise adult versus paediatric differential gene expression  

IDEAS222 was optimised to conduct a pairwise comparison between the six paediatric and 

six adult samples (Code availability, script 22-23). Briefly, for each cell type individually, 

genes expressed in < 10% of nuclei in the population were removed. The distribution of each 

gene’s expression across nuclei for each individual was estimated using a parametric 

negative binomial distribution which takes into account cell-level covariates such as the 

sequencing depth of each nucleus. For each gene, the distance between the distributions 

of any two individuals was then calculated using the Wasserstein distance. A hypothesis test 

was then conducted to determine whether the within-group distances are smaller than 

between-group distances. The null hypothesis is that the expression of a given gene is not 

associated with the variable of interest (age group), accounting for other individual-level 

covariates such as batch or sex (in this case we accounted for the single-cell chemistry 

platform used). The output of the test is a permutation p-value for each gene (computed 

using a kernel regression method) which is as a measure of whether the expression of the 

gene is significantly associated with age group. The resulting significant genes were 

clustered into two groups using the hclust hierarchical clustering method (k=2).  

2.4.9. Enrichment analysis 

GSEA was performed on the set of DEGs identified by DESeq2 (Section 2.3.7), Psupertime 

(Section 2.3.8), and IDEAS (Section 2.3.9) to determine putative functions of the genes (Code 

availability, script 24). The analysis was performed for each cluster individually on sets of 

genes which were previously grouped into similar patterns of expression with age. This was 
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achieved using EnrichR231 which is a database comprising of multiple curated gene-set 

libraries comprising of various biological terms and their associated genes. These gene-sets 

have been grouped into various categories such as Transcription, Ontologies, Pathways, 

Diseases. A gene list of interest (usually coexpressed genes as these often share a biological 

function) is used as input and a Fischer’s exact test is performed to determine whether the 
input set of genes significantly overlaps with any of the gene sets in the database. The 

Benjamini-Hochberg method is used to adjust the computed p-values for multiple testing. 

For this analysis, gene lists were queried for overlap with three gene set libraries in the 

EnrichR database, namely GO Biological Process 2021 (genes associated with known 

biological processes), DisGeNET (collections of genes associated with human diseases), and 

GTEx Aging Signatures 2021 (genes up or downregulated with age in various tissue from the 

Genotype-Tissue Expression V8 dataset). To visualise the results, the output terms were first 

ordered by their p-values after which the top 10 terms per database were sub-setted. 

2.4.10. Proportion analysis comparing paediatric to adult datasets 

To exploit the information available from the single cell data, a hypothesis test was 

performed to determine whether there was a significant difference in the proportion of 

nuclei expressing the genes between paediatric and adult datasets (Code availability, script 

25). The proportion of nuclei instead of the number of nuclei was taken to account for 

variability in the total number of nuclei per cluster per sample. The hypothesis test was 

performed on each cell type individually and the gene list was first filtered to remove genes 

expressed in fewer than 10% of nuclei in the cell type of interest across all datasets. 

Subsequently, either a parametric unpaired two-samples t-test or parametric unpaired 

two-samples Wilcoxon test was performed depending on whether the data was normally 

distributed. The p-values were adjusted for multiple testing using the false discovery rate 

method.  

As an alternative method to account for possible differences in the total number of nuclei 

per sample, the number of nuclei were randomly downsampled to that of the sample with 

the fewest nuclei (Code availability, script 26). This was only performed on clusters with at 

least 50 nuclei per sample. The above pipeline was repeated, comparing the number of 

nuclei expressing the gene instead of the proportion.   

2.4.11. Long noncoding RNA analysis 

To further explore selected lncRNAs of interest, a ‘Guilt by association’ method was used to 
correlate the expression of the lncRNAs with protein coding genes and identify sets of 

positively and negatively correlated genes (Code availability, script 27). The principle 

behind this assumes that coexpressed genes function in the same biological pathways and 

by taking advantage of the known function of protein-coding genes, the function of the 

lncRNAs can be inferred259.  The cell type of interest was sub-setted from the Seurat object 

containing a gene-by-cell matrix for the 23 merged datasets. The RNA assay and data slot 
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were then extracted after which the BaCo function (Bayesian Correlation) from Sanchez-

Taltavull et al. (2020)260 was applied. The Bayesian method was chosen as it has been shown 

to be a robust gene-by-gene similarity measure for single cell data260. The coexpressed 

protein-coding genes corresponding to the lncRNA of interest were extracted and ranked 

according to their correlation score. The top 50 positively and negatively associated genes 

were sub-setted and GSEA was performed using EnrichR to determine biological processes 

that these genes are involved in. 

The interaction partners of lncRNAs can also inform their putative functions. Here, the 

computational tool Fasim-LongTarget (https://lncRNA.smu.edu.cn)261,262 was used to 

predict possible DNA interacting partners of the selected lncRNAs.  A lncRNA can form a 

triplex molecule by binding to a duplex DNA sequence through Hoogsteen or reverse 

Hoogsteen base pairing263. LncRNAs can bind at sites proximal or distal to a gene264 and can 

regulate gene expression in several ways including recruiting epigenomic modification 

enzymes to DNA binding sites265. Fasim-LongTarget predicts putative DNA binding motifs of 

a lncRNA by querying its sequence against the region 3500 bp upstream and 1500 bp 

downstream the transcription start site of all the transcripts in the human genome262. It 

computationally tests all known base pairing rules required to form RNA:DNA triplexes. The 

online version of the software was used by inputting the DNA sequence of the lncRNA of 

interest and querying against the whole genome (hg38). The output list of DNA binding 

motif hits were ranked according to the percentage of nuclei expressing the corresponding 

gene and the top 50 hits used as input to EnrichR to determine putative regulatory functions 

of the lncRNA under investigation.  

2.4.12. Plots 

All UMAP, heatmaps, violin, feature, and dot plots were produced with Seurat200 and 

ggplot2266. Upset plots were generated using UpSetR267.  

2.5. 10X Genomics Visium validation of NS-Forest minimal marker genes 

To validate the expression of genes from the snRNA-seq analyses, their expression profiles 

were examined in 10x Genomics Visium spatial transcriptomic datasets generated for a 

subset of samples. The genes chosen included selected marker genes from the NS-Forest 

analysis to validate their cell type-specific expression patterns.   

2.5.1. Generation of 10X Genomics Visium spatial transcriptomic datasets 

10X Genomics Visium spatial transcriptomic datasets were generated together with 

Ruvimbo Mishi (Masters student in the Hockman lab) using tissue originating from a subset 

of the same individuals used to generate the snRNA-seq datasets namely: the 4-year-old, 

15-year-old B1, 15-year-old B2, and 31-year-old. The pipeline was carried out using the 10X 

Genomics Visium Spatial Gene Expression Kits according to manufacturer’s protocols (User 
Guide Rev D). Briefly, 10 µm cryosections from OCT-embedded samples (2 sections per 
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sample) were placed on the capture areas of the spatial gene expression slide. The tissue 

was permeabilised for 12 minutes after reverse transcription was performed to generate 

barcoded cDNA libraries. The cDNA was amplified using 20 PCR cycles and libraries were 

constructed which included a size selection step. The quality of the cDNA was assessed 

before and after library preparation (Supp Fig 2.4-2.5, Supp Table 2.1). The libraries were 

sequenced by Novogene (Singapore) on the NovaSeq system using a NovaSeq High Output 

v.2.5 kit (150 cycles).  

2.5.2. Pre-processing Visium data 

Pre-processing of the Visium data was performed by Ruvimbo Mishi (Code availability, 

script 28). Briefly, Fastq file reads were aligned to a human reference transcriptome 

(GRCh38) using the count function from the 10X Genomics Space Ranger v1.3.0 software.  

The filtered gene barcode matrix outputs of Space Ranger for each sample were imported 

into R as a Seurat202 object and a Visium anndata python object was created from the Seurat 

object (Code availability, script 29). Cell-level filtering was performed according to the 

following parameters nUMI > 500, nGene > 250, log10GenesPerUMI > 0.8 and mitoRatio < 

0.2. Additionally, gene-level filtering was performed to remove genes that had zero counts 

in all cells, remove genes expressed in fewer than 3 cells, and remove mitochondrial genes 

from the gene by cell counts matrix.  

2.5.3. Cell2Location to visualise gene expression in specific cell types 

The Cell2Location178 package was optimised to generate plots showing the estimated levels 

of expression and spatial location of genes of interest within specific cell types (Code 

availability, script 30-31). Briefly, the 23 integrated snRNA-seq datasets which were 

annotated using the Allen Institute’s MTG snRNA-seq dataset served as a reference dataset. 

This was filtered to include counts > 0 in at least 3% of cells, mean expression > 1.12, and 

genes expressed in at least 5 cells.  Subsequently, a negative binomial regression model 

was trained to estimate the expression of every gene in every cell type of this reference 

dataset using 250 epochs and adjusting for sample-specific variation. Spatial mapping was 

then performed to estimate the abundance of each cell type in the query Visium datasets. 

Vistoseg268 was first used to determine the number of cells per location for input into 

cell2location. The datasets were then filtered to remove mitochondrial genes after which a 

model was prepared specifying two parameters, N_cells_per_location = 12 and 

detection_alpha =20. The model was subsequently trained using 2000 epochs. Lastly, the 

expression level of every gene at every spatial location in each cell type in the spatial data 

was estimated by applying a method adapted from Cable et al. (2022)269 which uses the 

posterior distribution of cell-type specific expression instead of only using point estimates. 

The expression of the selected genes was then plotted for a subset of samples (DH2=4-year 

old, DH1a = 15-year-old B1, DH3= 15-year-old B2, DH4a=31-year-old) using Cell2Location’s 
plot_genes_per_cell_type function. The expression profiles were visualised in a subset of 

relevant cell types namely Oligo L1-6 OPALIN, OPC L1-6 PDGFRA, Astro L1-6 FGFR3 SLC14A1, 
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Micro L1-3 TYROBP, Exc L2 LAMP5 LTK, Exc L4-6 RORB SEMA3E, Exc L5-6 FEZF2 ABO, Exc L4-

6 FEZF2 IL26, Inh L2-4 PVALB WFDC2, and Inh L3-5 SST ADGRG6.  
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        Chapter 3: Results 

 

3.1. Pre-processing and quality control procedure for the raw 10X Genomics 

snRNA-seq datasets 

A total of 23 snRNA-seq datasets from 12 different individuals were used in this study 

representing both biological and technical replicates (Table 2.1). Pre-filtering of the raw 

datasets was performed using Cell Ranger to remove barcodes that likely represent empty 

GEMs containing ambient RNA from lysed or dead cells. The sequencing saturation, which 

measures the proportion of total library complexity sequenced134, varied from 27.4% in the 

9-year-old T1 dataset to 79.1% in the 24-year-old T1 dataset (Supp Table 2.2). Notably, the 

publicly available datasets had a greater average sequencing saturation (68.0%) compared 

to the datasets generated in our laboratory (37.3%) (Supp Table 2.2). Additionally, the 

publicly available datasets had a greater average number of reads per nucleus (31738) 

compared to our datasets (17565) (Supp Table 2.2). However, the average number of genes 

detected per nucleus was slightly lower in the publicly available datasets (1285) compared 

to the new datasets (1470) (Supp Table 2.2).  

Following initial filtering by Cell Ranger, additional quality control measures were 

performed using Seurat together with three doublet removal tools. Doublets are technical 

artefacts in single cell datasets that arise due to two nuclei getting captured together with 

a single GEM and thus the transcripts erroneously appear to originate from one nucleus. 

While other multiplets are possible they are rare compared to doublets so I focused on 

identifying and removing these195. To select barcodes for removal that are likely doublets, I 

chose to take the intersection of those nuclei called as doublets by DoubletDecon and 

Scrublet, as well as all nuclei called as doublets by DoubletFinder (Fig 3.1A, Supp Fig 3.1). 

This combination was chosen as a balance between the sensitivity and specificity of each 

tool since DoubletDecon has the highest sensitivity, Scrublet has the highest specificity and 

DoubletFinder has the highest accuracy overall197. Across the 23 datasets, an average of 

1072 doublets were removed ranging from as few as 399 in the 24-year-old T1 dataset to 

1876 in the 15-year-old T1 B2 dataset (Supp Fig 3.2A, Supp Table 3.1). The average doublet 

rate (percentage of total barcodes confidently called as doublets) was 12.62% with a 

minimum of 10.93% in the 50-year-old T1 dataset and a maximum of 15.97% in the 5-year-

old T1 dataset (Supp Fig 3.2B, Supp Table 3.1-3.2). 

After doublet removal, Seurat was used to compute additional quality control metrics for 

the remaining nuclei which were further filtered to retain those with a sufficiently high 

number of transcripts (nUMI > 500), a sufficiently high number of expressed genes (nGene > 

250), a high complexity as indicated by the ratio of the number of genes expressed to the 

number of UMIs (log10 nGene/nUMI > 0.8), and a sufficiently low ratio of mitochondrial to 

total reads (mitoRatio <0.2) indicative of uncontaminated nuclei (Supp Fig 3.2C-F). 

Following filtering to remove poor quality barcodes, a total of 176 012 nuclei remained 

ranging from 2878 in the 24-year-old T1 dataset to 12516 in the 15-year-old T2 B1 dataset  
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(Fig 3.1B, Supp Table 3.2). The average number of barcodes per sample was 8390 before 

filtering and 7653 after filtering with a total of 16 951 nuclei removed (Supp Table 3.2). For 

the publicly available datasets, the average number of barcodes per sample was 5174 

before filtering and 4535 after filtering (Supp Table 3.2). For the new datasets the average 

number of barcodes per sample was 9797 before filtering and 9017 after filtering (Supp 

Table 3.2). Overall, the filtered data had an average of 4101 UMIs and 1837 expressed genes 

per nucleus (Table 3.1). Furthermore, the average log10 ratio of number of expressed genes 

to number of transcripts was 0.93 and the average mitoRatio (number of non-mitochondrial 

to mitochondrial genes expressed) was 0.004 (Table 3.1, Supp Fig 3.2E-F). While the 

distribution of the number of transcripts (UMIs) present and genes expressed per nucleus 

was relatively similar across the datasets, the median number of UMIs and genes per 

nucleus for the 4-year-old and 26-year-old was higher than other datasets as these two 

samples were in the same batch and sequenced to a greater depth (Fig 3.1C-D, Table 2.1).  
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Figure 3.1. Cell and gene-level filtering measures to obtain high quality data. (A) Number of doublets identified 

across all 23 datasets by DoubletDecon, DoubletFinder, and Scrublet. Red outline indicates the subset of 

barcodes called as doublets that were removed from the cell x gene matrix. (B) Total number of nuclei per 

sample before (yellow) and after filtering (green). (C) Violin plots showing the number of unique molecular 

identifiers (UMIs) and (D) number of genes detected per nucleus per sample after filtering. Error bars represent 

mean +- SEM.  

 

Table 3.1. Summary of average QC metrics across nuclei for each sample post filtering. Several measures for 

quality control were evaluated on a per sample basis including the average number of transcripts per nucleus 

(nUMI), the average number of genes detected per nucleus (nGene), the logarithm of the ratio of number of 

genes to transcripts (log10 Genes per UMI) observed, and the ratio of mitochondrial genes to total genes 

detected (mitoRatio). 

sample nUMI nGene 
log10 Genes per 

UMI 
mitoRatio 

4-year-old T1 5646 2522 0.93 0.0039 

5-year-old T1 2979 1587 0.94 0.0014 

5-year-old T2 4019 1873 0.93 0.0015 

7-year-old T1 3463 1587 0.93 0.0033 

7-year-old T2 6084 2134 0.93 0.0170 

9-year-old T1 2627 1473 0.94 0.0016 

9-year-old T2 2876 1556 0.94 0.0015 

15-year-old T1 B1 4043 1808 0.93 0.0024 

15-year-old T2 B1 3787 1732 0.93 0.0028 

15-year-old T3 B1 3499 1654 0.93 0.0028 

15-year-old T4 B1 3291 1573 0.93 0.0033 

15-year-old T5 B1 5208 2105 0.92 0.0015 

15-year-old T6 B1 4249 1875 0.93 0.0015 

15-year-old T1 B2 2654 1505 0.95 0.0105 

20-year-old T1 4572 1919 0.93 0.0024 

20-year-old T2 3664 1700 0.93 0.0027 

24-year-old T1 5264 2108 0.92 0.0061 

24-year-old T2 5103 2052 0.92 0.0059 

26-year-old T1 6102 2470 0.92 0.0022 

31-year-old T1 3730 1718 0.93 0.0013 

31-year-old T2 3894 1811 0.93 0.0015 

41-year-old T1 3915 1818 0.94 0.0136 

50-year-old T1 3648 1663 0.93 0.0031 

Average 4101 1837 0.93 0.0041 

 

3.2. Data integration, clustering, and annotation 

Following quality control, the gene counts of each dataset were normalized and scaled 

using the Single Cell Transform202 method to remove variability due to technical factors 

such as sequencing depth while preserving biological heterogeneity. An evaluation of the 

factors driving variation between nuclei revealed very few differences due to cell cycle 
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phase (Supp Fig 3.3A). On the other hand, mitoRatio appeared to be a notable source of 

variation between nuclei, with most nuclei having a low mitochondrial fraction (Supp Fig 

3.3B).  

Following normalisation and scaling, data integration was performed to align similar cell 

types across the 23 datasets (Fig 3.2A). This made an improvement on the nuclei alignment 

seen prior to integration (Supp Fig 3.3C). However, for largest group of nuclei (subsequently 

annotated as oligodendrocytes), there were several datasets whose nuclei were positioned 

separately from the rest and were not completely integrated suggesting a possible batch 

effect (Fig 3.2A). These outlying nuclei originated from technical replicates of just two of the 

samples (9-year-old T1, 9-year-old T2, 31-year-old T1, and 31-year-old T2) (Table 2.1) and 

were only observed after integration, being limited to the oligodendrocyte cluster (Fig 3.2A-

B, Supp Fig 3.3C).  

Following sample integration, dimensionality reduction and clustering analysis was 

performed which yielded 40 clusters (Supp Fig 3.3D). A combination of automated and 

manual annotation methods were used to classify the nuclei into various cell types. The 

automated annotation tools, scCATCH217 and SCSA218, revealed putative annotations for 

certain clusters, ambiguous annotations for other clusters, or no annotation (Supp Table 

3.3). Likewise, violin plots of previously described cell type markers showed specificity of 

some markers for distinct clusters, however other markers appeared to be expressed in 

diverse clusters instead of localizing to a single or a few clusters (Supp Fig 3.4). For example, 

the expression of the astrocytic marker, GFAP, was limited to five clusters (9, 31, 36, 37 and 

39) whereas the oligodendrocyte marker, PLP1, was expressed in all clusters, albeit at low

levels in most clusters (Supp Fig 3.4C-D).

On the other hand, Seurat’s label transfer method205 unambiguously classified each nucleus

into 1 of 54 different cell types using the Allen Brain Atlas human middle temporal gyrus 

(MTG) as the reference dataset109 (Fig 3.2B). Of the 75 reference cell types, there were 21 

which were absent from our dataset, including Exc L2-4 LINC00507 GLP2R, Exc L5-6 

SLC17A7 IL15, Inh L1-2 LAMP5 DBP, and Inh L5-6 GAD1 GLP1R (Supp Table 3.4). To validate 

the high-resolution annotations, the expression of cell type-specific marker genes from 

Hodge et al. (2019)109 was assessed across the clusters. This showed that each cell type-

specific marker corresponded very clearly to the expected cell type (Fig 3.2C). To 

complement this approach, a correlation analysis was performed to compare the 

transcriptomic similarity of each of our annotated cell types to each of the reference MTG 

dataset cell types based on the median expression of cell type-specific markers (Fig 3.2D). 

The nonneuronal cell types in our dataset (including astrocytes, endothelial cells, 

microglia, OPCs, and oligodendrocytes) showed high correlation with the corresponding 

reference cell type as well as high specificity (low correlation with other cell types) (Fig 

3.2D). On the other hand, the expression profiles of the inhibitory and excitatory neuronal 

subtypes correlated with multiple subtypes instead of showing a distinct correlation with a 

single subtype (Fig 3.2D). Nevertheless, the excitatory subtypes showed specificity for other 

excitatory subtypes while the inhibitory subtypes showed specificity for other inhibitory 
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subtypes. Additionally, most neuronal subtypes showed slightly higher correlation scores 

with their corresponding reference cell type compared to non-target subtypes as indicated 

by the diagonal line across the correlation plot (Fig 3.2D). Overall, based on the 

abovementioned annotation methods, a consensus of 7 broad cell types was determined 

(Supp Fig 3.5A, Supp Table 3.5). An assessment of the number of transcripts (UMIs) and the 

number of genes per nucleus per cell type revealed neuronal clusters to have a greater 

number of UMIs and genes expressed on average compared to non-neuronal cells (Fig 3.2E). 

Furthermore, excitatory neurons had a greater number of UMIs and genes expressed than 

inhibitory neurons (Fig 3.2E).  

The technical replicates were collapsed for downstream analysis such that comparisons 

could be made between the 12 samples. The Oligo L1-6 OPALIN cluster had the greatest 

number of nuclei compared to the other clusters with 60 723 nuclei in total (Fig3.2C) and 

this observation was consistent across most samples except for the 4-year-old, 15-year-old 

B2, 24-year-old, and 26-year-old which had the highest number of nuclei in the Exc L5-6 

THEMIS C1QL3, Exc L4-6 FEZF2 IL26, Micro L1-3 TYROBP, and Exc L2-3 LINC00507 FREM3 

clusters, respectively (Fig 3.2F, Supp Table 3.6). After accounting for the total number of 

barcodes sequenced per sample, there appeared to be an increasing number of 

oligodendrocytes during the early postnatal years (ages 4 to 9) while the proportion of other 

clusters did not show such a clear trend with age (Fig 3.2F). A comparison of adults and 

paediatrics showed an increase in the proportion of Astro L1−2 FGFR3 GFAP, Astro L1−6 
FGFR3 SLC14A1, and Exc L4−6 FEZF2 IL26 in paediatrics versus adults whereas the

proportion of Oligo L1−6 OPALIN nuclei was slightly higher in adults versus paediatrics

(Supp Fig 3.5B). However, overall, the cell composition of these two groups was 

reassuringly similar. Markedly, there appeared to be high variability in cell composition 

between technical replicates of the 5-year-old and 7-year-old whilst the other samples with 

technical replicates (9-year-old, 15-year-old B1, 20-year-old, 24-year-old, and 31-year-old) 

showed high degrees of similarity in cell composition between their replicates (Supp Fig 

3.5C). Most notably, the proportion of Oligo L1−6 OPALIN nuclei in the 7-year-old T1

replicate was considerably greater than that of 7-year-old T2 whereas the proportion of Exc 

L2 LAMP5 LTK and Micro L1−3 TYROBP nuclei was considerably smaller (Supp Fig 3.5C).

The number of nuclei per MTG high resolution cluster per sample ranged from 0 to as many 

as 23 662 nuclei seen in the Oligo L1-6 OPALIN cluster of the 15-year-old B1 sample (Supp 

Table 3.6, Supp Fig 3.5D). Despite the 15-year-old B1 sample contributing more than double 

the number of nuclei compared to the other samples (n = 52932), this sample lacked nuclei 

for several cell sub-types, including several inhibitory neuron sub-types such as Inh L2-5 

PVALB SCUBE3, Inh L1-3 VIP CCDC184, Inh L3-5 SST ADGRG6, and Inh L2-4 PVALB WFDC2 

which the 5-year-old contributed the most nuclei to (Supp Table 3.6, Supp Fig 3.5D). Of 

note, there were several cell sub-types which lacked a contribution from some of the 

samples, including six inhibitory neuron sub-types (Inh L3-6 VIP HS3ST3A1, Inh L2-6 VIP 

QPCT, Inh L4-6 SST GXYLT2, Inh L1-2 VIP PCDH20, Inh L2-4 VIP SPAG17, Inh L2-5 VIP TYR ) 

and  three excitatory neuron sub-types (Exc L3-5 RORB FILIP1L, Exc L3-5 RORB TWIST2, Exc 
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L5-6 THEMIS FGF10) (Supp Table 3.6). Of these, five inhibitory neuron sub-types (Inh L2-6 

VIP QPCT, Inh L4-6 SST GXYLT2, Inh L1-2 VIP PCDH20, Inh L2-5 VIP TYR, Inh L2-4 VIP SPAG17) 

and two excitatory neuron subtypes (Exc L3-5 RORB TWIST2 and Exc L5-6 THEMIS FGF10) 

all had fewer than 50 nuclei across all samples (Supp Table 3.6). The number of cell types 

annotated per sample ranged from 45 in the 50-year-old to 54 in the 15-year-old B1 (Supp 

Table 3.6).  

In summary, through the label transfer approach, I was able to confirm the presence of 

many cell sub-types from the published MTG atlas. Subsequent validation further 

confirmed that they expressed the expected marker genes. However, not all 54 sub-types 

were found in all the samples. 
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Figure 3.2. Annotation of nuclei by label transfer identifies 54 cortical subtypes across the 23 datasets. (A) 

UMAP plot after data integration shows nuclei across the different datasets aligned, with the exception of four 

groups of nuclei which clustered separately (outlined by coloured rectangles). (B)  Annotated UMAP plot for 

the 23 merged datasets identifies 34 inhibitory, 14 excitatory, and 6 non-neuronal populations using the Allen 

Brain Institute’s MTG dataset served as the reference for the label transfer method. (C) Validation of the high-

resolution cell type annotations shows a high degree of correspondence in the expression of known cell type-

specific markers (x axis) with their expected cell type (y axis) (left). Number of nuclei per cell type across all 23 

datasets (right). (D) Similarity plot showing the Pearson correlation scores assessing similarity between the 

annotated cell types in our dataset (x axis) and the MTG reference dataset (y axis) based on the median 

expression of cell type-specific marker genes. The cell type-specific marker genes were chosen based on 

having a beta score > 0.5. Similarity is indicated by a colour scale (blue-yellow-red) and by shape (small circle-

medium circle-large circle-square). (E) Violin plots showing the distribution of the number of genes (left) and 

transcripts (right) detected per nucleus per cell type across all datasets. Black dots indicate the median value. 

Error bars show 95% confidence intervals. (F) Stacked barplot showing the proportion of nuclei per cell type 

(y axis) for each sample (x axis) out of the total number of nuclei for each sample. The colour scheme for the 

cell types is in accordance with the MTG dataset taxonomy109. 

3.3. NS-Forest minimal marker gene combination analysis 

In order to establish a standardized and scalable approach for defining cell types identified 

in scRNA-seq studies it has previously been proposed to use the minimum combination of 

gene markers that can classify a cell type and distinguish it from other cell types219. Towards 

achieving this, Aevermann et al. (2021) developed a machine learning tool called Necessary 

and Sufficient Forest (NS-Forest) which attempts to identify marker genes that are 

simultaneously highly expressed in all individual cells of a population and are not expressed 

in other cell types – thus having strong classification power. Here I applied the NS-Forest 

algorithm to each of the 12 datasets. This was done to assess the variability in minimal 

marker genes identified for each of the 54 cell sub-types across the different samples and 

to identify any marker genes distinguishing the paediatric and adult datasets.  

Across the 54 high resolution MTG clusters and 12 samples, a total of 761 unique marker 

genes were determined necessary to distinguish cell types with an average of 122.5 markers 

per sample (Fig 3.3A, Supp Table 3.7). The average number of marker genes necessary to 

classify a cell type was 2.39 with a minimum of 1 and a maximum of 5 markers (Supp Fig 3.6, 

Supp Table 3.8). The log-transformed average normalized expression of the markers per 

nucleus within the cell type of interest across all samples was 2.902 with a minimum of 

0.0076 for LINC02017 in Inh L1-2 VIP TSPAN12 and a maximum of 84.84 for CCK also in Inh 

L1-2 VIP TSPAN12 (Supp Table 3.9). The average F-beta score (measure of classification 

power) for the marker gene combinations per cell type was 0.67 (Fig 3.3B) whilst the average 

binary expression score per cell type was 0.96 (Fig 3.3C). The F-beta score assesses 

combinations of marker genes with a score of 1 indicating optimal discriminative power of 

a given combination of marker genes. On the other hand, the binary expression score 

assesses individual marker genes with a score of 1 indicating high levels of expression in 

most of the nuclei in the target cluster and no expression in off-target clusters. Notably, 

paediatric samples had a slightly lower median average F-beta score for the marker gene 

combinations per cell type compared to adults (0.63 vs 0.69) (Fig 3.3B) as well as a negligibly 
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lower median average binary expression score for the minimal marker genes (0.96 vs 0.963) 

(Fig 3.3C).  

The number of marker genes that corresponded to markers found in Hodge et al.(2019) or 

Aevermann et al.(2021)  were 7 and 28, respectively, with 3 markers found in both Hodge 

and Aevermann (Fig 3.3A, Supp Fig 3.6B-C, Supp Table 3.10). For example, MYO5B, KIT, and 

DACH2 were common marker genes in our data and Aevermann et al. (2021) for the Inh L2-

4 SST FRZ, Inh L1-4 LAMP5 LCP2, and Inh L1-3 VIP ADAMTSL1 clusters, respectively (Supp 

Fig 3.6C). STK32A agreed as a marker gene in our data, Aevermann et al. (2021), and Hodge 

et al. (2019) for Inh L4-5 SST STK32A (Supp Fig 3.6B-C). Additionally, there were several well-

known markers genes among the list of minimal markers, including APBB1IP for Micro L1-3 

TYROBP270, PDGFRA for OPC L1-6 PDGFRA271, ST18 for Oligo L1-6 OPALIN108, and GFAP  for 

Astro L1-2 FGFR3 GFAP272 – many of which were shared with either Aevermann or Hodge (Fig 

3.3A, Supp Fig 3.6B-C). A total of 190 genes were identified as a marker for at least two cell 

types (across the 12 samples) (Supp Table 3.11). To validate the ability of the NS-Forest 

marker genes to distinguish different cell types, the data integration method was repeated 

using either the marker genes (Fig 3.3D) or the equivalent number of a random set of genes 

as anchors as opposed to the standard shared highly variable genes (Fig 3.3E). The resulting 

UMAP plot using the NS-Forest genes more closely resembled the original UMAP plot 

compared to when a random set of genes was used (compare Fig3.2A, Fig 3.3D, and Fig 

3.3E).  

With regards to the gene class of the markers identified, 443 marker genes were coding 

(58.2%) while 318 were non-coding (41.8%)(Fig 3.3A). Exc L3-5 RORB FILIP1L in particular 

had a large proportion of non-coding minimal markers with 21 non-coding and 1 coding 

gene identified as marker genes (Fig 3.3F, Supp Table 3.12). Thus, the ratio of non-coding to 

coding genes identified was 21, which exceeded the ratio computed for all other cell types 

by at least 7 times (Supp Table 3.12). Similarly, Exc L4-5 RORB FOLH1B and Exc L3-5 RORB 

TWIST2 also had a larger number of non-coding than coding marker genes (Fig 3.3F, Supp 

Table 3.12). Markedly, for both Exc L3-5 RORB FILIP1L and Exc L3-5 RORB TWIST2 all the 

markers identified (both coding and non-coding) were unique to a single sample (Supp Fig 

3.7-3.9, Supp Table 3.13). However, there are numerous non-coding marker genes which 

were shared between multiple samples, including AC046195.2 in Inh L5-6 PVALB LGR5, 

LINC01344 in Inh L2-6 LAMP5 CA1, AC137770.1 in Inh L1-4 LAMP5 LCP2, AC021134.1 in Exc 

L4-5 RORB FOLH1B, and CYP1B1-AS1 in Exc L2-3 LINC00507 FREM3 (Supp Fig 3.7-3.9, Supp 

Table 3.13). Overall, it appeared that the non-neuronal cell types had a lower non-coding to 

coding marker ratio than the neuronal cell types (Supp Table 3.12). For each of the samples, 

there was a greater number of minimal markers that were coding genes than non-coding 

genes, with a similar ratio observed across the samples (Fig 3.3G).  
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Figure 3.3.  NS-Forest identifies minimal marker genes distinguishing the cortical cell types in each of the 12 

samples. (A) Heatmap showing the scaled average normalised expression counts of the 761 NS-Forest 

minimal marker genes (y-axis) identified across the 12 datasets for each of the 54 cortical cell types (x-axis).  

The marker genes are annotated according to their coding/noncoding status, the number of paediatric and/or 

adult samples expressing the gene, and the overlap of the markers with those from Hodge et al.(2019)109 or 

Aevermann et al.(2021)219 for the same cell type. (B) Average F-beta score for the marker gene combinations 

per cell type for all samples (bottom), paediatric samples (middle), or adult samples (top). The F-beta score 

assesses the classification power of combinations of marker genes based on an expression difference 

between the target cluster and off-target clusters. A score of 1 indicates high discriminative power of the 

markers while a score of 0 indicates low discriminative power. (C) Average binary expression score of the 

marker genes per cell type for all samples (bottom), paediatric samples (middle), or adult samples (top). The 

binary expression score assesses whether individual marker genes show binary expression with a score of 1 

indicating high levels of expression in a large proportion of nuclei in the target cluster and no expression in 

off-target clusters while a score of 0 indicates high off-target expression. (D, E) Validation of the relevance of 

the NS-Forest markers in distinguishing different cell types by repeating the data integration method using 

either the marker genes (D) or the equivalent number of a random set of genes (E) as anchors. (F, G) Number 

of coding versus noncoding marker genes per cell type (F) and per sample (G). The coding status was 

determined using the list of unique marker genes per cell type and sample.  

To assess the variability between the samples in terms of the markers identified for each 

cluster, upset plots were generated (Fig 3.4, Supp Fig 3.7-3.9). These revealed that most 

minimal markers were either unique to a sample or shared between two samples with fewer 

cases where a marker was shared between 3 or more samples (Fig 3.4, Supp Fig 3.7-3.9). As 

an exception to this observation, SEMA3E was shared between 10 of the samples in the Exc 

L5-6 FEZF2 ABO cluster (Fig 3.4A, Supp Table 3.13) whilst AC004852.2 was shared between 

10 samples in OPC L1-6 PDGFRA (Fig 3.4B, Supp Table 3.13), suggesting that these may 

represent novel consensus markers for these cell types. Other markers shared between 

multiple samples include DDR2 (7 samples, Inh L1-2 PAX6 CDH12) and EDNRA (8 samples, 

Inh L4-5 SST STK32A) (Supp Table 3.13). Interestingly, there were several markers which 

were largely shared between paediatric samples and not adults and vice versa including 

PTH2R which was shared between the 5-year-old, 7-year-old, 9-year-old, and 15-year-old 

B1 in the Inh L1-3 VIP GGH cell type (Fig 3.4C, Supp Table 3.13) whereas RSPO2 was shared 

between the 31-year-old, 41-year-old, and 50-year-old in the Inh L3-5 SST ADGRG6 cluster 

(Fig 3.4E,  Supp Table 3.13). Additionally, a noncoding gene, AC021134.1, was shared 

between the 5-year-old, 7-year-old, 9-year-old, 15-year-old B2, and 20-year-old in the Exc 

L4-5 RORB FOLH1B cluster (Fig 3.4D, Supp Table 3.13) whilst LINC00499 was shared 

between the 15-year-old-B1, 31-year-old, 41-year-old, and 50-year-old in Astro L1-6 FGFR3 

SLC14A1 (Fig 3.4F, Supp Table 3.13).  Unexpectedly, LRMDA, which is a known microglial 

marker gene, was identified as a marker for the Exc L4-6 FEZF2 IL26 cell type in the 9-year-

old, 15-year-old B1, and 15-year-old B2 suggesting that the annotation for this cell type 

could be incorrect (Fig 3.4H, Supp Table 3.13). However, an examination of the similarity 

between our annotated cell types and the reference MTG cell types suggests that the Micro 

L1-3 TYROBP and Exc L4-6 FEZF2 IL26 cell types are transcriptionally distinct, since Exc L4-

6 FEZF2 IL26 in our dataset is more similar to the equivalent Exc L4-6 FEZF2 IL26 population 

than it is to the Micro L1-3 TYROBP population in the reference MTG dataset (Fig 3.2D). 
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Figure 3.4. Several NS-Forest minimal marker genes are shared between paediatric samples and not adults or 

vice versa. (A-H) Upset plots show the overlap of NS-Forest minimal marker genes between samples for a sub-

set of cell types: Exc L5-6 FEZF2 ABO (A), OPC L1-6 PDGFRA (B), Inh L1-3 VIP GGH (C), Exc L4-5 RORB FOLH1B 

(D), Inh L3-5 SST ADGRG6 (E), Astro L1-6 FGFR3 SLC14A1 (F), Micro L1-3 TYROBP (G), and Exc L4-6 FEZF2 IL26 

(H). Marker genes of interest are highlighted which are either shared between multiple samples, shared 

between paediatric and not adult samples, or shared between adult and not paediatric samples (red boxes). 

On the left of each plot the total number of markers per sample is indicated in brackets. Violin plots show the 

expression levels of the marker genes of interest across the samples.  

3.4. Differential gene expression analysis between different age groups within 

specific cell types using DESeq2 

To identify genes whose expression changes with age, the samples were grouped into five 

epochs (Materials and Methodology section 2.4.6 DE section). Principal component analysis 

on each cluster was used to reveal variables that contributed to inter-sample variation.  This 

analysis revealed that for most clusters, samples primarily separated out according to the 

single cell chemistry platform used to generate the datasets (version 2 chemistry vs version 

3 chemistry) (Supp Fig 3.10). Given this result, single-cell chemistry was included as a 

covariate in the regression formula to model its effect and adjust the p values accordingly. 

To assess the fit of the model for the data, plots of the dispersion estimates were generated 

for each cell type. This revealed a decrease in the dispersion estimates with increasing 

mean for each cell type and the data points followed the line of best-fit suggesting the 

model is a good fit for the data (Supp Fig 3.11).  

A likelihood ratio test was performed using DESeq2209 in order to compare the expression 

of genes between epochs for each of the MTG clusters separately. This analysis yielded 673 

significantDEGs across 35 cell types, with the Micro L1-3 TYROBP cluster having the greatest 

number of DEGs at 104 genes (Fig 3.5A, Supp Table 3.14). The DEGs represent genes which 

showed a significant change in expression between at least two epochs with the p-values 

and adjusted p-values computed for all pairwise comparisons together as opposed to 

individual pairwise comparisons. The log2 Fold Changes for individual pairwise 

comparisons (e.g epoch 1 vs epoch 5) can be found in Extended Data 2.  

There appeared to be a moderate correlation (r = 0.601) between the number of DEGs 

identified per cell type and the total number of nuclei analysed for that cell type (Fig 3.5B). 

This correlation score increased to 0.856 after removing the data point corresponding to 

the Oligodendrocyte population which was an outlier as it had more than 4 times the 

number of nuclei than any other cell type (Supp Fig 3.12A). Notably, there were 18 cell types 

(mostly inhibitory neuron subtypes) in which no DEGs were identified and 39 cell types in 

which fewer than 10 DEGs were identified (Fig 3.5A). The Inh L2-4 VIP SPAG17 cluster was 

removed from the analysis due to having too few nuclei in total (n = 2) with several epochs 

having no nuclei for this cell type (Fig3.5A, Supp Table 3.6). Numerous DEGs were expressed 

in a low percentage (< 20%) of nuclei in the population of interest (Supp Table 3.14). 

An analysis of the intersection of DEGs between the clusters indicated that age-related 

changes in gene expression are largely cluster-specific, with 425 genes being unique to a 
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single cell type (Supp Fig 3.12B, Extended Data 3). The populations with the largest number 

of unique genes included Micro L1-3 TYROBP (91), Oligo L1-6 OPALIN (60), and Exc L3-5 

RORB ESR1 (41) (Supp Fig 3.12B, Extended Data 3). Curiously, there was one gene, ARL17B, 

which was shared between 27 cell types (Supp Fig 3.12B, Supp Table 3.14). Within the 

excitatory neuron group, Exc L2 Lamp5 LTK and Exc L2−3 LINC00507 FREM3 were most

similar with 9 DEGs shared exclusively between these two clusters (Fig 3.5C) out of a total 

16 shared DEGs (i.e. the remaining 7 DEGs were also shared with other cell types) (Extended 

Data 3). This was followed by 4 genes shared exclusively between Exc L3−5 RORB ESR1 and 
Exc L4−6 RORB SEMA3E, as well as 4 genes between Exc L4−6 RORB SEMA3E and Exc L5−6 
THEMIS CRABP1 (Fig 3.5C). Within the inhibitory neuron group, AL162493.1 and CHRM3-AS2 

were shared between two subtypes, while ARL17B was shared between twelve subtypes 

(Fig 3.5D, Supp Table 3.14). Of the non-neuronal clusters, the two astrocyte clusters, Astro 

L1−6 FGFR3 SLC14A1 and Astro L1−2 FGFR3 GFAP, shared the greatest number of genes with 
11 DEGs shared exclusively (Fig 3.5E) out of a total of 13 shared DEGs (Extended Data 3). This 

was followed by 3 genes shared exclusively between Micro L1−3 TYROBP and Oligo L1−6 
OPALIN (6 shared in total); Micro L1−3 TYROBP and Astro L1−2 FGFR3 GFAP (5 shared in 
total); as well as Oligo L1−6 OPALIN and OPC L1−6 PDGFRA (8 shared in total) (Fig 3.5E,

Extended Data 3). The number and proportion of coding versus non-coding DEGs per cell 

type was variable with no clear trend distinguishing the different cell types, however the 

majority of DEGs were coding genes (Fig 3.5F, Supp Table 3.14).  

For each cell type, the DEGs were grouped into similar patterns of expression with age (Supp 

Fig 3.13, Supp Table 3.15). Considering the relatively low number of DEGs per pattern, 

patterns which showed a general increasing or decreasing trajectory in their level of 

expression were grouped together to increase the statistical power forGSEA. GSEA was 

performed using the GO Biological processes database, GTEx Aging signature database, and 

the DisGeNET disease database. The results of this analysis are summarised in 

Supplementary text 1 and Supplementary figures 3.14-3.17, with the top 10 terms from each 

database shown. Markedly, there were many terms which were not significantly enriched 

after adjusting for multiple testing. The full enrichment results are in Supp Table 3.16.  



r = 0.601

0

250

500

750

1000

0 20000 40000 60000

Number of nuclei

N
u
m

b
e
r 

o
f 
D

E
G

s

47

57

8

56

64

9

61

0 0

10

26

3

25

6

21

18

0 0 01 1
3

0 0 0 0
3 2 1 1 0 01 12

0 0 0

4

01 1 01 01 0
3

19

1

104

81

30

0

25

50

75

100

M
ic

ro
 L

1−
3 

TY
R

O
B

P
O

lig
o 

L1
−6

 O
P
A

L
IN

Ex
c 

L2
−3

 L
IN

C
00

50
7 

FR
EM

3
Ex

c 
L3

−5
 R

O
R

B
 E

S
R

1
As

tro
 L

1−
6 

FG
FR

3 
SL

C
14

A1
E

x
c
 L

2
 L

A
M

P
5

 L
TK

As
tro

 L
1−

2 
FG

FR
3 

G
FA

P
O

PC
 L

1−
6 

PD
G

FR
A

Ex
c 

L4
−5

 R
O

R
B 

FO
LH

1B
Ex

c 
L4

−6
 R

O
R

B
 S

E
M

A
3

E
Ex

c 
L5

−6
 T

H
EM

IS
 C

1Q
L3

In
h 

L5
−6

 S
ST

 M
IR

54
8F

2
Ex

c 
L5

−6
 T

H
EM

IS
 C

R
AB

P1
Ex

c 
L4

−5
 R

O
R

B
 D

AP
K2

Ex
c 

L3
−5

 R
O

R
B 

C
O

L2
2A

1
En

do
 L

2−
6 

N
O

ST
R

IN
Ex

c 
L5

−6
 F

EZ
F2

 A
BO

In
h 

L2
−6

 L
AM

P5
 C

A1
Ex

c 
L4

−6
 F

EZ
F2

 IL
26

In
h 

L1
−2

 V
IP

 L
BH

In
h 

L1
−3

 V
IP

 C
C

D
C

18
4

In
h 

L5
−6

 P
VA

L
B

 L
G

R
5

In
h 

L1
−3

 V
IP

 C
H

R
M

2
In

h 
L2

−4
 V

IP
 C

BL
N

1
In

h 
L1

−2
 P

AX
6 

C
D

H
12

In
h 

L1
−2

 S
ST

 B
A

G
E

2
In

h 
L1

−3
 V

IP
 G

G
H

In
h 

L1
−4

 L
AM

P5
 L

C
P2

In
h 

L2
−4

 P
VA

LB
 W

FD
C

2
In

h 
L2

−4
 S

ST
 F

R
ZB

In
h 

L3
−5

 S
ST

 A
D

G
R

G
6

In
h 

L3
−6

 S
ST

 N
PY

In
h 

L4
−5

 S
ST

 S
TK

32
A

In
h 

L4
−6

 S
ST

 B
3G

A
T2

In
h 

L5
−6

 S
ST

 N
PM

1P
10

Ex
c 

L3
−5

 R
O

R
B 

FI
LI

P1
L

Ex
c 

L3
−5

 R
O

R
B 

TW
IS

T2
Ex

c 
L5

−6
 T

H
EM

IS
 F

G
F1

0
In

h 
L1

 S
ST

 N
M

BR
In

h 
L1

−2
 G

AD
1 

M
C

4R
In

h 
L1

−2
 V

IP
 P

C
D

H
20

In
h 

L1
−2

 V
IP

 T
SP

A
N

1
2

In
h 

L1
−3

 S
ST

 C
AL

B1
In

h 
L1

−3
 V

IP
 A

D
AM

TS
L1

In
h 

L1
−4

 V
IP

 C
H

R
N

A6
In

h 
L1

−4
 V

IP
 O

PR
M

1
In

h 
L2

−5
 P

VA
LB

 S
C

U
BE

3
In

h 
L2

−5
 V

IP
 S

ER
PI

N
F1

In
h 

L2
−5

 V
IP

 T
YR

In
h 

L2
−6

 V
IP

 Q
PC

T
In

h 
L3

−6
 V

IP
 H

S3
ST

3A
1

In
h 

L4
−6

 P
VA

LB
 S

U
LF

1
In

h 
L4

−6
 S

ST
 G

XY
LT

2

cell type

n
u
m

b
e
r 

o
f 
D

E
G

s

Excitatory neurons Inhibitory neurons

Non-neuronal cells

41
40

34

11
10 10

9

5 5
4

2

9

4 4
3

2 2 2 2
1 1 1 1 1 1 1 1

2 2 2
1 1 1 1 1 1 1 100

1010

2020

3030

4040

In
te

rs
e
c
ti
o
n

 S
iz

e

Exc L5−6 THEMIS FGF10
Exc L3−5 RORB TWIST2
Exc L3−5 RORB FILIP1L

Exc L4−6 FEZF2 IL26
Exc L5−6 FEZF2 ABO

Exc L3−5 RORB COL22A1
Exc L4−5 RORB DAPK2

Exc L5−6 THEMIS CRABP1
Exc L5−6 THEMIS C1QL3
Exc L4−6 RORB SEMA3E
Exc L4−5 RORB FOLH1B

Exc L2 LAMP5 LTK
Exc L3−5 RORB ESR1

Exc L2−3 LINC00507 FREM3

18

3

2

1 1 1 1 1 1 1 1 1 1 1

0

55

1010

1515

2020

In
te

rs
e
c
ti
o
n
 S

iz
e

Inh L4−6 SST GXYLT2
Inh L4−6 PVALB SULF1

Inh L3−6 VIP HS3ST3A1
Inh L2−6 VIP QPCT

Inh L2−5 VIP TYR
Inh L2−5 VIP SERPINF1

Inh L2−5 PVALB SCUBE3
Inh L1−4 VIP OPRM1

Inh L1−4 VIP CHRNA6
Inh L1−3 VIP ADAMTSL1

Inh L1−3 SST CALB1
Inh L1−2 VIP TSPAN12
Inh L1−2 VIP PCDH20
Inh L1−2 GAD1 MC4R

Inh L1 SST NMBR
Inh L5−6 SST NPM1P10

Inh L4−6 SST B3GAT2
Inh L4−5 SST STK32A

Inh L3−6 SST NPY
Inh L3−5 SST ADGRG6

Inh L2−4 SST FRZB
Inh L2−4 PVALB WFDC2

Inh L1−4 LAMP5 LCP2
Inh L1−3 VIP GGH

Inh L1−2 SST BAGE2
Inh L1−2 PAX6 CDH12

Inh L2−4 VIP CBLN1
Inh L1−3 VIP CHRM2

Inh L5−6 PVALB LGR5
Inh L1−3 VIP CCDC184

Inh L1−2 VIP LBH
Inh L2−6 LAMP5 CA1

Inh L5−6 SST MIR548F2
00

95

67

40

28

21

8
11

3 3 3 2 1 1 1 1 1 1 100

2525

5050

7575

100100

In
te

rs
e
c
ti
o
n
 S

iz
e

Endo L2−6 NOSTRIN

OPC L1−6 PDGFRA

Astro L1−2 FGFR3 GFAP

Astro L1−6 FGFR3 SLC14A1

Oligo L1−6 OPALIN

Micro L1−3 TYROBP

88% (91)
74% (60)
58% (37)
75% (46)
63% (36)
61% (34)
81% (38)
70% (21)
69% (18)
68% (17)
86% (18)
79% (15)
72% (13)
70% (7)
100% (9)
100% (8)
100% (6)
100% (4)
67% (2)

33% (1)
67% (2)
100% (3)
100% (2)
50% (1)
100% (1)
100% (1)

0% (0)
100% (1)
100% (1)
100% (1)
100% (1)
100% (1)
100% (1)
100% (1)
100% (1)

12% (13)
26% (21)
42% (27)
25% (15)
37% (21)
39% (22)
19% (9)
30% (9)
31% (8)
32% (8)
14% (3)
21% (4)
28% (5)
30% (3)

0% (0)
0% (0)
0% (0)
0% (0)

33% (1)
67% (2)
33% (1)

0% (0)
0% (0)

50% (1)
0% (0)
0% (0)

100% (1)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)
0% (0)

00 2
5

2
5

5
0

5
0

7
5

7
5

1
0
0

1
0
0

Micro L1−3 TYROBP
Oligo L1−6 OPALIN

Exc L2−3 LINC00507 FREM3
Exc L3−5 RORB ESR1

Astro L1−6 FGFR3 SLC14A1
Exc L2 LAMP5 LTK

Astro L1−2 FGFR3 GFAP
OPC L1−6 PDGFRA

Exc L4−5 RORB FOLH1B
Exc L4−6 RORB SEMA3E
Exc L5−6 THEMIS C1QL3

Inh L5−6 SST MIR548F2
Exc L5−6 THEMIS CRABP1

Exc L4−5 RORB DAPK2
Exc L3−5 RORB COL22A1

Endo L2−6 NOSTRIN
Exc L5−6 FEZF2 ABO
Inh L2−6 LAMP5 CA1
Exc L4−6 FEZF2 IL26

Inh L1−2 VIP LBH
Inh L1−3 VIP CCDC184
Inh L5−6 PVALB LGR5
Inh L1−3 VIP CHRM2
Inh L2−4 VIP CBLN1

Inh L1−2 PAX6 CDH12
Inh L1−2 SST BAGE2

Inh L1−3 VIP GGH
Inh L1−4 LAMP5 LCP2

Inh L2−4 PVALB WFDC2
Inh L2−4 SST FRZB

Inh L3−5 SST ADGRG6
Inh L3−6 SST NPY

Inh L4−5 SST STK32A
Inh L4−6 SST B3GAT2

Inh L5−6 SST NPM1P10

c
e
ll 

ty
p
e

Proportion of signficant DEGs Non coding
Protein coding

A B

C D

E F

75



76 

Figure 3.5. DESeq2 identifies age-dependent DEGs in neuronal and non-neuronal cell types. (A) Number of 

DEGs identified per cell type. Samples were grouped into five different age groups (epochs) and DEGs were 

determined as genes that showed a change in their level of expression with age between at least two epochs. 

(B) Correlation between the number of nuclei (x axis) and the number of DEGs (y axis) identified for each cell

type based on Pearson’s correlation. (C-E) Upset plots showing the overlap of DEGs between the excitatory

neuron subtypes (C), the inhibitory neuron subtypes (D), and the nonneuronal subtypes (E). The size of the 

intersections is indicated above the bars. The overlapping genes represent only the unique intersections

between any set of cell types.  (F) Proportion of DEGs per cell type that are coding or non-coding genes. The 

absolute number of coding and non-coding DEGs per cell type are indicated in brackets.

3.5. Time-series Psupertime analysis to identify genes varying coherently with 

age within specific cell types 

As a complementary approach to DESeq2, Psupertime226 was used to identify temporally 

regulated genes across the time-series. This was performed for each cell type separately 

which yielded 15392 temporally regulated genes across 33 cell types (Fig 3.6A, Supp Fig 

3.19, Supp Table 3.17). 21 cell types were excluded from this analysis due to having too few 

nuclei in at least one sample.  

The largest number of temporally regulated genes was identified in Exc L2 LAMP5 LTK (2370 

genes), followed by Astro L1−6 FGFR3 SLC14A1 (1922 genes), and Exc L2−3 LINC00507 
FREM3 (1838 genes) (Fig 3.6A, Supp Table 3.17). As with the DESeq2 analysis, there was a 

moderate correlation between the number of temporally regulated genes identified and 

the number of nuclei per cell type (r = 0.55) (Fig 3.6B) which increased after removing the 

oligodendrocyte datapoint (r = 0.872) (Supp Fig 3.12C). The proportion of temporally 

regulated genes that were protein coding genes was at least 75% for each of the cell types 

(Fig 3.6D).  

Similar to what was seen for DESeq2, an analysis of the overlap of temporally regulated 

genes between cell types showed the greatest intersection to be between Exc L2−3 
LINC00507 FREM3 and Exc L2 LAMP5 LTK (120 genes shared exclusively out of 496 shared 

genes) (Fig 3.6C, Extended Data 4). This was followed by Exc L2 LAMP5 LTK and Astro L1−6 
FGFR3 SLC14A1 (89 genes shared exclusively out of 536 shared genes), and Exc L2 LAMP5 

LTK and Exc L3−5 RORB ESR1 (83 genes shared exclusively out of 353 shared genes) (Fig 
3.6C, Extended Data 4). Oligo L1-6 OPALIN and OPC L1-6 PDGFRA shared a total of 487 genes 

(Extended Data 4) with 68 shared exclusively (Fig 3.6C). These two cell populations also 

shared many DEGs with the Astro L1-6 FGFR3 SLC14A1 and Exc L2 LAMP5 LTK cell 

populations (~450 each) (Extended Data 4). Additionally, the two astrocyte populations, 

Astro L1-6 FGFR3 SLC14A1 and Astro L1-2 FGFR3 GFAP shared 378 DEGs (Extended Data 4) 

with 74 shared exclusively between them (Fig 3.6). 3445 genes identified as relevant to the 

time-series were unique to a single cell type (Fig 3.6C, Extended Data 4). The populations 

with the largest number of cell type-specific genes were Exc L2-3 LINC00507 FREM3 (652), 

Exc L2 LAMP5 LTK (638), and Astro L1-6 FGFR3 SLC14A1 (407) (Extended Data 4).  

The lists of temporally regulated genes for each cell type were clustered into groups 

showing similar patterns of expression using a hierarchical clustering method (Supp Fig 

3.20, Supp Table 3.17). The resulting patterns were then visually inspected and a subset of 
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similar patterns were further grouped together for GSEA (Supp Fig 3.21-3.22). The results of 

this analysis are summarised in Supplementary text 2. The full enrichment results are in 

Supp Table 3.18. While the gene lists were filtered to exclude genes expressed in fewer than 

10% of nuclei in each cell type, numerous DEGs were identified that were expressed in a low 

percentage of nuclei (<20% of nuclei in the cell type under investigation)(Supp Table 3.17).  
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Figure 3.6. Psupertime identifies temporally regulated genes in various neuronal and non-neuronal cell types. 

(A) Number of temporally regulated genes identified per cell type. (B) Correlation between the number of 

nuclei (x axis) and the number of temporally regulated genes (y axis) identified for each cell type based on 

Pearson’s correlation. (C) Upset plots showing the top 50 intersections of temporally regulated genes unique 

to or overlapping the neuronal and non-neuronal cell types. The size of the intersections is indicated above 

the bars. The overlapping genes represent only the unique intersections between any set of cell types. (D) 

Proportion of temporally regulated genes per cell type that are coding or non-coding genes. The absolute 

number of coding and non-coding temporally regulated genes per cell type are indicated in brackets. 

3.6. Combined DESeq2 and Psupertime analysis of temporally regulated genes 

To narrow the DEG list down to high confidence candidates, the overlap of genes identified 

by DESeq2 and Psupertime for each cell type was determined, with a total of 106 genes 

identified by both tools across 14 cell types (Supp Table 3.19). Gene expression heatmaps 

were plotted for cell types with six or more consensus genes (Fig 3.7-3.8). GSEA was 

subsequently performed using the GO Biological processes database to identify putative 

functions of the genes (Fig 3.7-3.8, Supp Table 3.20). Interestingly, the consensus genes in 

Exc L2-3 LINC00507 FREM3 (16), Exc L4-5 RORB FOLH1B (11), Exc L3-5 RORB ESR1 (15), Oligo 

L1-6 OPALIN (14), and Astro L1-6 FGFR3 SLC14A1 (19), appeared to be clearly separated into 

two set of genes that were up- or downregulated with age (Fig 3.7-3.8).  The upregulated 

genes in Exc L2-3 LINC00507 FREM3 included the well-described lncRNA, LINC-PINT, and the 

brain-specific angiogenesis inhibitor, BAIAP3, which was also upregulated in Exc L4-5 RORB 

FOLH1B with age (Fig 3.7A,C). Both genes not only showed an increase in the average 

expression level (Fig 3.7A,C; Supp Table 3.21) but also an increase in the proportion of nuclei 

expressing the gene with age (Fig 3.7A,C; Supp Table 3.22). Between epoch 1 and 5, the 

proportion of nuclei in Exc L2-3 LINC00507 FREM3 expressing LINC-PINT increased 2.4-fold 

while those expressing BAIAP3, increased by 6.6-fold (Supp Table 3.22). In Exc L4-5 RORB 

FOLH1B, the proportion of nuclei expressing BAIAP3 increased by 9.7-fold between epoch 1 

and 5 (Supp Table 3.22). GSEA revealed a role for BAIAP3 in neurotransmitter transport and 

secretion (Fig 3.7A, Supp Table 3.20). Markedly, AC002460.2 was upregulated with age in 

both Exc L2-3 LINC00507 FREM3 (Fig 3.7A) and Exc L2 LAMP5 LTK (Fig 3.7B) whilst LINC01435 

and FNBP1L were downregulated in these cell types. In addition to these genes, MYO16 and 

RASGEF1 (a gene identified as an NS-Forest marker for Exc L2-3 LINC00507 FREM3) were 

downregulated with age in Exc L2-3 LINC00507 FREM3 (Fig 3.7A) whereas APOE4 was 

downregulated with age in Exc L2 LAMP5 LTK (Fig 3.7B). Together, APOE4 and FNBP1L were 

associated with receptor mediated endocytosis (Fig 3.7B).  In addition, AL117329.1 (a 

lncRNA identified by NS-Forest as a marker for Exc L2 LAMP5 LTK) was upregulated in Exc 

Lamp5 LTK, Exc L4-5 RORB FOLH1B, and Exc L3-5 RORB ESR1 (Fig 3.7B-D). The proportion 

of nuclei expressing AL117329.1 between epoch 1 and 5 also increased in each of these cell 

types (5.1-fold in Exc Lamp5 LTK, 5.9-fold in Exc L4-5 RORB FOLH1B, and 4.5-fold in Exc L3-

5 RORB ESR1) (Fig 3.7B-D, Supp Table 3.22).   
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Figure 3.7. High-confidence DEGs identified in excitatory neurons. (Left) Dot plot showing the expression of 

the shared DEGs between DESeq2 and Psupertime per sample in Exc L2-3 LINC00507 FREM3 (A), Exc L2 LAMP5 

LTK (B), Exc L4-5 RORB FOLH1B (C), and Exc L3-5 RORB ESR1 (D). Data points are coloured according to the 

level of expression (scaled average normalised gene counts). The size of the dots indicates the proportion of 

nuclei expressing the gene per sample. (Right) Enrichment plots showing the top 10 enriched terms (y-axis) 

ranked by p-value (x-axis) which are associated with the consensus genes for Exc L2-3 LINC00507 FREM3 (A), 

Exc L2 LAMP5 LTK (B), Exc L4-5 RORB FOLH1B (C), and Exc L3-5 RORB ESR1 (D). GSEA plots are coloured 

according to the MTG taxonomy from Hodge et al. (2019). 

In Exc L4-5 RORB FOLH1B, KIRREL3, ARPP21, PTK7, and TENM3 were upregulated in 

paediatrics versus adults and were associated with processes such as homophilic cell 

adhesion via plasma membrane adhesion molecules (KIRREL3, TENM3) and positive 

regulation of neuron projection development (TENM3, PTK7) (Fig 3.7C). KIRREL3, ARPP21, 

and TENM3 appeared to only change in their level of expression with age in Exc L4-5 RORB 

FOLH1B and not in the proportion of nuclei expressing them, with almost 100% of nuclei 

expressing each of the three gene across all epochs (Fig 3.7C, Supp Table 3.21-3.22). 

However, the proportion of nuclei expressing PTK7 decreased 2.7-fold between epoch 1 and 

5 (Supp Table 3.22). On the other hand, in Exc L3-5 RORB ESR1, STXBP5−AS1, ALDH1A1, and

SYNPO2 were downregulated in paediatrics versus adults whereas LUZP2 and ROR1 were 

upregulated in paediatrics versus adults (Fig 3.7D).  

Likewise, in the Oligo L1-6 OPALIN population, LUZP2 also showed a decreasing expression 

trajectory with age along with SGCZ, NCOR2, and LINC01949 (Fig 3.8A). A corresponding 

reduction in the proportion of nuclei expressing LUZP2 (8.3-fold) and SGCZ (10.4-fold) 

between epoch 1 and 5 was also observed (Fig 3.8A, Supp Table 3.22).  In contrast to the 

downregulated genes, QDPR, CDH20, SNCA, GREB1L, and AC008571.2 were amongst the 

genes upregulated with age in Oligo L1-6 OPALIN (Fig 3.8A). These were enriched for terms 

such as regulation of chaperone−mediated autophagy (GFAP, SNCA), dopamine

biosynthetic process (SNCA), regulation of synaptic vesicle recycling (SNCA), and L-

Phenylalanine catabolic process (QDPR) which is also required for dopamine synthesis273 

(Fig 3.8A).  Curiously, the OPC L1-6 PDGFRA cluster included two genes, HIF3A and 

AC132153.1, which appeared to be upregulated in epoch 2, 4, and 5 whilst being 

downregulated in the youngest children and the adolescents (epoch 1 and 3) (Fig 3.8B). 

ARL17B, the gene shared between 27 cell types from the DESeq2 analysis (Supp Fig 3.12B), 

appeared to be highly expressed in epoch 5 of OPC L1-6 PDGFRA compared to all other 

epochs (Fig 3.8B) and this was similarly observed in Astro L1-6 FGFR3 SLC14A1 (Fig 3.8C) 

and Exc L2 LAMP5 LTK (Fig 3.7B).   

Among the genes upregulated with age in Astro L1-6 FGFR3 SLC14A1 was LINC00499 (Fig 

3.8C) which was previously identified as a minimal marker gene for Astro L1-6 FGFR3 

SLC14A1 by NS-Forest for four of the samples, including the 31-, 41-, and 50-year-old 

samples. Notably, there was a 6.3-fold increase in the proportion of Astro L1-6 FGFR3 

SLC14A1 nuclei expressing LINC00499 between epoch 1 and 5 (Fig 3.8C, Supp Table 3.22). 

In contrast to LINC00499’s expression profile, ELOVL5 and TENM4 decreased in expression

with age in Astro L1-6 FGFR3 SLC14A1 and were associated with terms relating to fatty acid 
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metabolism and oligodendrocyte differentiation, respectively (Fig 3.8C). Similarly, 

ADORA2B, RELL1, and SLC8A1-AS1 also decreased in expression with age (Fig 3.8C). Lastly, 

the Micro L1-3 TYROBP included 4 genes, RAB8B, PIK3AP1, ANKH, and RHEB, which were 

highly expressed in the first epoch and subsequently downregulated (Fig 3.8D). GSEA 

suggested a role for PIK3AP1 in toll-like receptor signalling pathways whilst RAB8B was 

associated with protein targeting to the peroxisome (Fig 3.8D). The percentage of Micro L1-

3 TYROBP nuclei expressing the genes also decreased slightly between epoch 1 and 5, by 

1.6-fold for RAB8B, 2.3-fold for PIK3AP1, 2.2-fold for ANKH, and 2.1 fold for RHEB (Fig 3.8D, 

Supp Table 3.22). On the other hand, the lncRNA, LINC02232, showed an opposing trend in 

the proportion of nuclei expressing it (11.3-fold increase) and in the average expression 

level in Micro L1-3 TYROBP (Fig 3.8D, Supp Table 3.21-3.22). 

Taken together, the consensus genes identified between the Psupertime and DESeq2 

analyses represent high-confidence temporally regulated genes which were either shared 

across multiple different cell types or specific to certain cell types. These may have 

important functions in controlling postnatal maturational processes in the brain.  
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Figure 3.8. High-confidence DEGs identified in glial cells. (Left) Dot plot showing the expression of the shared 

DEGs between DESeq2 and Psupertime per sample in Oligo L1-6 OPALIN (A), OPC L1-6 PDGFRA (B), Astro L1-6 

FGFR3 SLC14A1 (C), and Micro L1-3 TYROBP (D). Data points are coloured according to the level of expression 

(scaled average normalised gene counts). The size of the dots indicates the proportion of nuclei expressing 

the gene per sample. (Right) Enrichment plots showing the top 10 enriched terms (y-axis) ranked by p-value 

(x-axis) which are associated with the consensus genes for Oligo L1-6 OPALIN (A), OPC L1-6 PDGFRA (B), Astro 

L1-6 FGFR3 SLC14A1 (C), and Micro L1-3 TYROBP (D). GSEA plots are coloured according to the MTG taxonomy 

from Hodge et al. (2019). 

3.7. Differential gene expression analysis between paediatric and adult 

samples within specific cell types using IDEAS 

In addition to the DESeq2 LRT method and Psupertime, an independent differential 

expression analysis method known as Individual level Differential Expression Analysis for 

Single cells (IDEAS)222 was applied to identify DEGs between the paediatric and adult 

samples (Fig 3.9). This analysis was performed in a pairwise fashion instead of a multi-group 

comparison between the different epochs as the tool is currently only designed to compare 

two groups. A total of 12 896 DEGs were identified overall and, despite having fewer nuclei 

than many other populations, several inhibitory neuron subtypes had the largest number 

of DEGs including Inh L5−6 SST MIR548F2 (497), Inh L3−6 SST NPY (476), and Inh L4−6 SST 
GXYLT2 (472) (Fig 3.9A). In fact, correlating the number of DEGs identified by IDEAS to the 

number of nuclei per population revealed a negative correlation between these parameters 

(r = -0.347) (Fig 3.9B). This correlation score remained comparable even after removing the 

outlying oligodendrocyte population (r=-0.329) (Supp Fig 3.12D). An analysis of the 

overlapping DEGs between cell types revealed numerous DEGs to be specific to a single cell 

type (Fig 3.9C). Altogether, 3527 DEGs were identified as cell type-specific with the greatest 

number of unique genes observed in Inh L4-6 SST GXYLT2 (227), Inh L5-6 SST 

MIR548F2(192), and Exc L4-5 RORB DAPK2 (157)(Fig 3.9C, Extended Data 5). The populations 

sharing the greatest number of DEGs appeared to be subtypes of excitatory neurons 

including Exc L2 LAMP5 LTK and Exc L2-3 LINC00507 FREM3 (43 shared DEGs with 4 shared 

exclusively), Exc L2-3 LINC00507 FREM3 and Exc L4-5 RORB FOLH1B (43 shared DEGs with 5 

shared exclusively), Exc L2 LAMP5 LTK and Exc L3-5 RORB ESR1 (41 shared DEGs with 5 

shared exclusively), as well as Exc L2-3 LINC00507 FREM3 and Exc L3-5 RORB ESR1 (40 

shared DEGs with 6 shared exclusively) (Extended Data 5). Notably, more than 68% of the 

DEGs in any population were protein-coding (Fig 3.9D).  
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Figure 3.9. IDEAS identifies DEGs in neuronal and non-neuronal cell types. (A) Number of DEGs identified per 

cell type. (B) Correlation between the number of nuclei and the number of DEGs identified for each cell type 

based on Pearson’s correlation. (C) Upset plots showing the top 50 sets of DEGs, which were unique the

neuronal and non-neuronal cell types (i.e. no intersections between cell types were present for the top 50 DEG 

sets). (D) Proportion of DEGs per cell type that are coding or non-coding genes. 

Heatmaps of the significant DEGs showed largely uniform patterns comprising a set of up 

and downregulated genes between the two age groups for each cell type (Fig 3.10-3.11, 

Supp Fig 3.23-3.25, Supp Fig 3.29, Supp Table 3.23). There were several cell types which did 

not have nuclei for each of the samples, but significant genes were identified using a subset 

of the samples which did have nuclei (Supp Fig 3.29, Supp Table 3.6). Inh L2-4 VIP SPAG17 

had too few nuclei to perform the analysis. GSEA was performed with Enrichr231 on the lists 

of up and downregulated genes for each cell type. A subset of cell types were selected for 

further investigation including all 6 non-neuronal sub-types, as well as the top 6 excitatory 

sub-types and top 6 inhibitory sub-types based on the total number of nuclei per cell type. 

Of these cell types, the results of 8 cell types of interest are described in the main text (Fig 

3.10-3.14) while the rest of the results are described in the supplementary data (Supp Fig 

3.23-3.28, Supplementary text 3). For the enrichment analysis, the top 5 terms per cell type 

per database for the up- and downregulated genes is summarised (Fig 3.12-3.14). The full 

outputs of the IDEAS analysis and associated enrichment analysis are in the supplementary 

data (Supp Fig 3.29, Supp Table 3.23-3.29).  

In the Astro L1-2 FGFR3 GFAP population, the set of genes that was upregulated with age 

(27) was associated with GO biological processes such as regulation of membrane

tubulation (WASL), regulation of extracellular exosome assembly (SDC4), protein-

containing complex subunit organization (CAPZA1, WASL), and negative regulation of

lymphocyte migration (WASL) (Fig 3.10A, Fig 3.12A, Supp Table 3.24). Additionally, these

genes were associated with diseases such as Distal Hereditary Motor Neuropathy, Charcot-

Marie-Tooth disease, and Spinal muscular atrophy (HSPB8) (Fig 3.10A, Fig 3.13A, Supp Table

3.26). Genes downregulated with age in Astro L1-2 FGFR3 GFAP (47) were enriched for GO

biological processes including ephrin receptor signalling (FYN, KALRN, DNM1),

phosphorylation (NIM1K, DGKB, STK38L, FYN, HK1), and postsynaptic neurotransmitter

receptor internalization (DNM1) (Fig 3.10A, Fig 3.12B, Supp Table 3.25). Additionally, these

genes were associated with neurological conditions such as Schizophrenia (MAP6, SLC6A1)

and temporal lobe epilepsy (GRIK5, FYN, SLC6A1) (Fig 3.10A, Fig 3.13B, Supp Table 3.27).

In Endo L2-6 NOSTRIN, the genes that were more highly expressed in the paediatric samples 

than the adult samples (41) were enriched for GO biological processes such as contractile 

actin filament bundle assembly (FAM171A1, ITGB5), calcium ion transmembrane transport 

(SLC24A2, CACNA1C, ATP2B1), and regulation of transmembrane transport (KCNJ6, PRKCB) 

(Fig 3.10B, Fig 3.12B, Supp Table 3.25). Moreover, these genes were enriched for DisGeNET 

terms including high density lipoprotein measurement (ABCC4, CACNA1C, ATP2B1, ATG7, 

UBE2L3), mental depression (KCNJ6, SUCLA2, CHL1, PRKCB, ACSL4, CACNA1C), and 

Parkinson’s disease (RB1, USP15, KCNJ6, SUCLA2, VDAC1, EIF2S2, ATG7, UBE2L3) (Fig 3.10B,

Fig 3.13B, Supp Table 3.27). Genes upregulated with age in Endo L2-6 NOSTRIN (99) were 
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associated with negative regulation of TOR signalling (DEPTOR, TSC1, GAS6, FNIP1, FBXO9), 

regulation of organelle assembly (DYNC2LI1, PIKFYVE, RABGAP1, TSG101), glycine transport 

(SLC7A8, SLC38A5), positive regulation of response to cytokine stimulus (IFIH1, GAS6) (Fig 

3.10B, Fig 3.12A, Supp Table 3.24). These genes were also enriched for DisGeNET terms such 

as Neurofibromatosis (VCP, CREB1, PRKAR1A, DPYSL2, SDHC, TSC1, PGR) and mental 

deficiency (KDM5C, ASAH1, NR2F1, SDHC, TSC1, CPLANE1, THOC2, CTCF, IFIH1, PRPF6, 

ARL2BP, PRKAR1A, RARS, DNAJC21) (Fig 3.10B, Fig 3.13A, Supp Table 3.26). 

The set of genes upregulated with age in Oligo L1-6 OPALIN (31) was associated with 

negative regulation of immune effector process (CD55, APPL1), neuron projection 

morphogenesis (SHTN1, ALCAM, LRP2), spliceosomal complex assembly (SCAF11, RBM5), 

and various terms relating to cell adhesion (ALCAM, CADM1, CDH20, PKN2) (Fig 3.10C, Fig 

3.12A, Supp Table 3.24). In contrast, the genes downregulated with age in Oligo L1-6 OPALIN 

(10) were enriched for processes such as positive regulation of cell cycle (DYNC1H1, PKP4)

and positive regulation of hydrolase activity (PKP4, EVI5L) (Fig 3.10C, Fig 3.12B, Supp Table

3.25) as well as diseases such as Spinal Muscular Atrophies of Childhood (DYNC1H1) (Fig

3.10C, Fig 3.13B, , Supp Table 3.27). In the OPC L1-6 PDGFRA population, terms associated

with genes that were upregulated with age (42) include autophagy (ATG13, ATG2B),

supramolecular fiber organization (COL5A3, CRIPT, NF1, MYO5A, SHROOM4), spliceosomal

complex assembly (GCFC2, RBM5), and cognition (NF1, SHROOM4) (Fig 3.10D, Fig 3.12A,

Supp Table 3.24). The genes upregulated in the paediatric samples compared to the adult

samples (46) were associated with GO biological processes such as axonal transport

(DYNC1H1, KIF1A, SYBU), cell junction organization (DYNC1H1, KIF1A, SYBU), vesicle

transport along microtubule (DYNC1H1, KIF1A), calcium ion transport (DYNC1H1, KIF1A),

and synapse organization (SLC8A3, UNC13C, SLC6A1) (Fig 3.10D, Fig 3.12B, Supp Table

3.25). Furthermore, they were enriched for neurological conditions such as common

migraine (SLC8A3, UNC13C, SLC6A1), epilepsy (GRIA1, DYNC1H1, SLC35A3, NPRL3, CELF4, 

GOPC, ACO2, SLC6A1, ALDH7A1, CNN3), cortical dysplasia (DYNC1H1, LINGO1, NPRL3),

movement disorders (DYNC1H1, LINGO1, NPRL3), and neurodegenerative diseases

(DYNC1H1, LINGO1, NBR1, KIF1A, ACO2, SNCAIP, SYBU) (Fig 3.10D, Fig 3.13B, Supp Table

3.27).
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Figure 3.10. IDEAS reveals sets of genes that are up- and downregulated with age in several non-neuronal cell 

types. Heatmap plots showing the change in the level of expression with age of DEGs for Astro L1-2 FGFR3 

GFAP (A), Endo L2-6 NOSTRIN (B), Oligo L1-6 OPALIN (C), and OPC L1-6 PDGFRA (D). Expression level is the 

scaled average normalised gene counts per sample within each cell type. X axes represents samples. Y axes 

represents DEGs.  

In Exc L2 LAMP5 LTK, genes upregulated in the adult versus paediatric samples (155) were 

enriched for GO biological terms such as protein localization to membrane (CACNB2, DLG1, 

EPB41L3, MAP7, ANK2, FAM126B, ZDHHC2, ASB3), regulation of cation channel activity 

(CACNB2, DLG1, FGF14, PDE4D, ANK2), and chemical synaptic transmission (GABRA2, 

CACNB2, DLG1, GABRB1, HTR1E, PRKAR2B, AMPH, HTR4, SYN3) (Fig 3.11A, Fig3.12A, Supp 

Table 3.24). On the other hand, GO biological terms associated with genes that were 

downregulated in the adult versus paediatric samples (126) included regulation of telomere 

maintenance via telomere lengthening (PARP1, TNKS2, DHX36) and transport across blood 

brain barrier (SLC27A1, SLC24A3, SLC4A3, SLC7A1, SLC8A2) (Fig 3.11A, Fig 3.12B, Supp Table 

3.25). Interestingly, the downregulated genes were also associated with Alzheimer’s 
disease (MEF2C, PARP1, BRI3, LUZP2, KIDINS220, GOLM1, TXNRD1, PTGER3, PRRC2C, 

CRMP1, NRG1, SNCAIP, SREBF2, MYO16, YY1, POLB, BACE1, SUCLA2, NDUFAF6, DLG3, 

DNAJC5, DPYSL3, MADD, ANXA6) as well as mental retardation (YY1, DYNC1H1, MEF2C, 

PARP1, FOXG1) (Fig 3.11A, Fig 3.13B, Supp Table 3.27). Lastly, several of these genes have 

previously been shown to be downregulated in the brain with age between 20-year-olds 

versus 50-year-olds (ROBO2, SVOP, ZNF804B, NRG1, SLC8A2), 60-year-olds (ROBO2, FSTL5, 

SVOP, ZNF804B, NRG1), and 70-year-olds (SVOP, PTGER3, ZNF804B, NRG1) (Fig 3.11A, Fig 

3.14B, Supp Table 3.29).  

Similarly to Exc L2 LAMP5 LTK, the set of genes downregulated in Exc L3-5 RORB ESR1 (119) 

also included genes from the GTEx database that are downregulated in the brain between 

20 year olds versus 60 year olds (ROBO2, SVOP, PLPPR4, NREP, SLC8A2, RNF165) and 70 year 

olds (ROBO2, SVOP, NREP) (Fig 3.11B, Fig 3.14B, Supp Table 3.29). Additionally, these genes 

were associated with GO biological processes such as telomere maintenance (RIF1, PARP1, 

XRCC5, TERF2IP) and neuron migration (MEF2C, DCX, FGF13, PAFAH1B1) (Fig 3.11B, Fig 

3.12B, Supp Table 3.25). Moreover, they were associated with various neurological 

conditions such as cerebrovascular disorders (MEF2C, JPH3, DCX, CYP46A1, SORL1, 

PAFAH1B1), subcortical band heterotopia (DCX, PAFAH1B1), neurodevelopmental 

disorders (KMT2D, MEF2C, USP7, PTCHD1, BCL11A, PTPN11), Subependymal Giant Cell 

Astrocytoma (KIAA1549, DCX, PTPN11), and childhood neuroblastoma (PARP1, DCX, 

CRMP1, PTPN11) (Fig 3.11B, Fig 3.13B, Supp Table 3.27). The set of genes upregulated with 

age in Exc L3-5 RORB ESR1 (179) were enriched for GO Biological processes such as 

regulation of alternative mRNA splicing via spliceosome (MBNL1, MBNL2, NOVA1, TRA2B), 

regulation of ryanodine−sensitive calcium release channel activity (CAMK2D, PDE4D, PKD2),

and dendritic spine maintenance (MTMR2, IGF1R) (Fig 3.11B, Fig 3.12A, Supp Table 3.24) 

whilst also being enriched for genes associated with Huntington disease-like2 (RIMS2, 

MBNL1, MBNL2) and hippocampal atrophy (LHFPL6, PRUNE2) (Fig 3.11B, Fig 3.13A, Supp 

Table 3.26). 



Exc L2 LAMP5 LTK

MKLN1
PHF21A
PTPRR
RBM26
USP31
YPEL2
SS18
PDIA5
DIAPH2
SYT14
DTWD2
PPP1R16B
MSH3
ANKRD17
DENND4A
PLPP1
CDK17
RASAL2
MAP3K5
HNRNPLL
GFPT1
NHSL2
ZNRF2
MMP16
ST7
ADGRB3
FGF14
KAT6B
NLK
PEX3
CPEB1
DHX35
NR3C1
NSL1
ORC4
LRP12
MBNL1
PHIP
ZNF207
KIF13A
MAP7
RPRD2
DLG1
COMMD1
TBC1D5
DNM1L
UNC5A
NIM1K
RELCH
B4GALNT3
AHRR
NUDT5
NAV3
CAMK1D
CACNB2
PDE1A
CPEB3
TBC1D1
ANK2
BRAF
PVT1
ANKRD33B
CMC2
ADGRL3
CSMD3
MIR4500HG
AL391840.1
MBNL2
TENM2
MPP7
CADM2
RANBP9
TTC8
MICU1
CIT
GALNT11
ATP11B
AL391840.3
KCNQ5
PKIG
ARHGEF3
HTR4
PRKAR2B
FAM13A
GABRB1
NIPAL2
IGSF9B
AC231759.2
GABRA2
GNAL
TMTC1
FAM126B
AMPH
RSRP1
IFT122
TIMP3
TBK1
SNTB2
RMDN2
LINC−PINT
LDB2
PDE4D
GALNTL6
CDON
AC073050.1
EML6
ATRNL1
ANKS1B
SH3BGRL2
EPB41L3
CDH18
RPS6KA6
HS6ST3
KCTD16
SIPA1L1
SLC4A10
CDH9
STOX2
RALYL
ZDHHC2
AL078600.1
RNF103
ARNT2
SYN3
EDIL3
SESN1
FAM160A1
RNF19A
VIPR1
CNTN1
HTR1E
AL117329.1
AC021613.1
DGKB
BZW2
ZFPM2
KCTD1
SACM1L
ORC3
TNFRSF25
LY86−AS1
AC097512.1
AC093607.1
CYP1B1
MXD1
KCNMB2
TYW1B
GFM2
ASB3
PUS10
PRMT9
PPARGC1A
GAS2
AC104806.2
WDR7
ASRGL1
NDUFAF6
RAB3IP
SCRN3
COPB2
NAP1L4
SSBP1
TCEA1
FAM177A1
HNRNPUL1
ELMO2
YARS
MADD
ASH2L
WASHC3
NUCB1
ENSA
SEZ6L
YTHDF2
PAM16
C2orf74
KPNB1
EIF4B
SUCLA2
AARSD1
CRMP1
ANXA6
PCDH17
INPP5F
TMBIM4
YY1
HDLBP
FRA10AC1
MAPK9
FBXO9
EMC3
GOLM1
USP22
PARP1
PPP3CB
ARHGEF9
FOXG1
SAR1A
TTYH1
BACE1
DPYSL3
SVOP
SLC4A3
DYNC1H1
DNAJC5
PRRC2C
ILF3
CAPZB
AP3D1
SLC8A2
MATK
OLFM2
VOPP1
ANKRD13D
IPCEF1
MEF2C
RPH3A
KIAA0232
TXNRD1
ADD1
SNCAIP
AGAP3
EFR3A
DLG3
DHX36
EIF3A
YIPF4
UBL3
PCLO
TBC1D30
SREBF2
ERGIC1
AL109933.5
AHCYL1
LHFPL6
EXTL3
ADCK1
KRCC1
RAI14
POLB
SUPT6H
PHF20
CWC22
PEPD
CPSF2
BRD4
HS6ST2
PTGER3
GALNT16
USP8
KIDINS220
TNKS2
TMF1
CARS
SLC27A1
LINC02798
PDCD6IP
ARHGAP22
SLC35F1
FNBP1L
MYRIP
DGKH
NTM
MYO16
ARHGAP23
LUZP2
SLC24A3
NRG1
LINC01435
PTPRT
CPNE4
BRI3
FRMD3
VPS41
ZNF804B
FSTL5
C8orf34
ROBO2
GPATCH2L
SATB1−AS1
SLC7A1

4−
y
ea

r−
ol

d

5−
y
ea

r−
ol

d

7−
y
ea

r−
ol

d

9−
y
ea

r−
ol

d

15
−y

ea
r−

ol
d 

B1

15
−y

ea
r−

ol
d 

B2

20
−y

ea
r−

ol
d

24
−y

ea
r−

ol
d

26
−y

ea
r−

ol
d

31
−y

ea
r−

ol
d

41
−y

ea
r−

ol
d

50
−y

ea
r−

ol
d

Age_group

Scaled average 

normalised expression

Age group

Paediatric
Adult

−3
−1.5
0

1.5

3

KLHL23
TMEM196
ZC3H13
ADGRL1
EIPR1
SORL1
DYNC1LI1
XRCC5
SLC35B4
PPM1K
ANKRD46
CALU
ILF3
CYP46A1
SLC8A2
USP46
SGTB
PARP1
PDCD6
PRKCG
CRMP1
TSPAN3
UFM1
GLRA3
SERBP1
LNPK
ELMOD1
MED4
PLPPR4
PCDH19
IFT57
KPNA3
PPP5C
NCAN
SYNPO
SEZ6
RIF1
PTPN11
PAFAH1B1
SMIM12
USP7
TERF2IP
VPS13B−DT
EMC3
BIRC2
ASRGL1
DNAJC21
GFOD2
DELE1
MEF2C
SVOP
JPH3
TCTEX1D2
LTBP4
RNF20
NETO2
ANKRD18A
FGF13
DNAJC11
ROBO2
AP1AR
ICE1
VOPP1
GRIA4
ZNF91
RBBP4
TCEA1
ANAPC1
EXOSC3
ZNF626
TOR1AIP2
SLC35E3
ICA1
LINC01551
TMED8
ZNF429
AC011997.1
GRAMD1C
AP001528.1
TENM3
SMIM8
GNPTAB
WWC1
CFAP46
STUM
B3GAT1
KMT2D
PTCHD1
RNF165
CHCHD6
KCNJ6
PILRA
ZNF793
ZNF521
DCX
AP001993.1
DOK5
NECTIN3
NREP
YPEL1
POLB
LUZP2
PALMD
KIF26B
AGPAT4
SOCS6
LMO7
ADGRA3
L3MBTL1
RFC3
TMCO3
AC112206.2
AC007686.4
TM9SF4
CUL2
CACUL1
MAN1A2
BCL11A
KIAA1549
PTPN14
USP54
TAOK3
SOX2−OT
AFF1
IQSEC3
MIRLET7BHG
DMGDH
MBNL1
URI1
CDC25B
AC096564.1
TMEM87A
NUTM2A−AS1
AC007614.1
BCL2
SNHG14
ZNF292
KRIT1
NIPAL2
JAK2
KLHL18
CMYA5
NUP54
RANBP9
LHFPL6
FAM13A
MBNL2
TNFRSF25
SPAG16
GRIP1
CDK11A
LINC02296
GPATCH8
RIMS2
LINC00632
CPEB1
KIAA0930
AL096854.1
MEG8
TNNT2
NR3C1
SLC16A7
ABRAXAS2
PRUNE2
ANKS6
GMCL1
CEP63
STAT4
MTHFD2L
TTLL7
TLE4
KIAA0319
SGK1
SLC9B2
SHC3
PPA2
TTBK2
RNF13
MSC−AS1
MPDZ
NLK
AC093843.1
THRB
AC019211.1
PTCHD4
AC002460.2
SPOCK3
FMN1
CAPZA1
ANXA1
PHIP
MIR99AHG
CAPN7
MAP7
CLOCK
MXI1
SPATA5
STOX2
ELOVL6
CNTN5
GKAP1
NOVA1
KRBOX4
FBXL2
PGGT1B
PUS7L
CFAP221
LRRC9
RSRP1
SMCR5
METTL21A
ME1
AC008269.1
MMP16
UBAP1L
MKLN1
VEZT
UBE4B
LINC00882
PDE4D
RAPGEF2
DCUN1D2
AL513166.1
RNF149
FBXO11
HECW1
XKR6
AC016831.7
DENND4C
MAGI2
PKD2
BICRAL
MCF2L2
CADM2
ANK2
TPST1
ZNF10
NUP160
WIPI1
UMAD1
ARNT
SLC25A13
SCAF4
PRMT3
KDM2A
RNF168
IGF1R
INO80D
UPF3A
GPLD1
NUDT5
ZMYND8
FAP
SYNJ2
GIT2
SP4
NFASC
ORC3
RCOR3
SIPA1L1
ETFDH
USP43
SS18
AHRR
B4GALNT3
RNLS
AACS
FSTL4
KLHL3
DPF3
SUGP1
BLZF1
MYH9
SIRT3
CIT
TPD52
SH3GL1
IGSF9B
PDE4A
STXBP5−AS1
OXR1
ALDH1A1
SLC20A1
FAM174B
SEC14L2
BRWD1
SREBF2
TBC1D14
KCNK10
MTMR2
MFSD14A
TMX3
C2orf72
RBBP5
JKAMP
TRA2B
CAMK2D
SYNJ1

4−
y
ea

r−
ol

d

5−
y
ea

r−
ol

d

7−
y
ea

r−
ol

d

9−
y
ea

r−
ol

d

15
−y

ea
r−

ol
d 

B1

15
−y

ea
r−

ol
d 

B2

20
−y

ea
r−

ol
d

24
−y

ea
r−

ol
d

26
−y

ea
r−

ol
d

31
−y

ea
r−

ol
d

41
−y

ea
r−

ol
d

50
−y

ea
r−

ol
d

Age_group

Exc L3-5 RORB ESR1

Scaled average 

normalised expression

−3
−1.5
0

1.5

3

Age group

Paediatric
Adult

MRPS36
RBFA
SAMD8
CDK11B
TMEM231
GLS2
APEX1
PDIA3
MAP7
AC068888.1
ECM1
ETFDH
NT5C3A
OSGEP
TBC1D8
EFHC1
CHROMR
RTF2
SRP19
A2ML1−AS1
DDHD2
ANKRD23
PPAT
SPAG1
SLC31A1
AC092666.1
ACO1
ABCF1
MIR762HG
PATJ
ENTPD4
PHTF2
AL590705.1
ZSWIM8
UBE4B
SYT14
DPY19L2
SLC35E2B
CAMKMT
FNIP2
AC016831.7
SNCA
FBXO3
ZFYVE27
CXADR
GOLT1B
VPS26A
PAWR
ELMSAN1
C1orf52
LINC01505
RSBN1
HIF1A
FAM135A
BBS5
PIGN
TTC9C
CD55
ARHGEF3
DLG3
SPIN1
ASB13
GLRB
ANGPT1
DLAT
ACTR10
ADGRL2
NTPCR
OLA1
NECAB1
LRRTM3
PIAS1
FANK1
INO80D
WDR44
SH3D19
AC098588.3
ARHGAP18
PLOD2
SLC38A6
UMAD1
WDR11
RNF19A
DENND5B
PLPP1
TMEM94
NFAT5
STAT5B
SLC35F5
UBE2E1
EXOG
RO60
MXI1
GABPB1−AS1
CBLB
PCSK5
PPM1L
SLC18B1
ATP10D
NSRP1
DNAJC3
POLI
VEZT
NEPRO
BCAT2
YTHDF3
AFF1
PAN3
C4orf50
KIAA0753
SPATS2L
PIK3C2B
ARNT2
UNK
DNAJC11
ATP7B
NCOR1
FRMD3
CASTOR3
TTC7B
SEC14L2
GAK
AC036108.1
IVD
CKMT2
AGPAT4
KIF5C
ADAM19
NWD2
DPP8
MAPK9
MYO18A
DNMT3A
RALGPS1
DNM2
SLC27A1
GABBR2
AFAP1
KCTD13
PLPPR1
DZIP1
TRIP4
TMEFF1
RPH3A
SMIM8
FAM162A
SRFBP1
RIF1
RPGRIP1L
AGL
ATXN10
AK9
SRSF4
SLC25A12
NMNAT2
PCYT1A
USP8
TMEM150C
EIF2S1
HDAC8
WRNIP1
MGAT4C
CLCN5
BABAM2
COLQ
SDHC
PSMB2
FDX1
PRKAR1B
ERICH1
AC104964.1
POSTN
ABLIM2
AP2A1
CAPZB
RGS12
NFYC
YTHDC1
SMARCAD1
TMEM184B
PGS1
EIF2AK2
SLC8A2
IMPG2
SEC16A
LPIN2
ETV5
PITRM1
PILRB
ANXA11
ST8SIA4
IFT43
UHMK1
AHCYL1
RCC1L
REEP1
NPHP1
RHOA
CALU
CASC15
DROSHA
PALM
HOMER2
GFM1
LINC02245
COPS7B
HULC
STEAP2−AS1
EZH1
SUSD1
MFSD1
NECTIN3−AS1
ALG1L9P
AC009899.1
G3BP2
ENOPH1
CDS1
GABRA1
ARV1
TAF7
MAP1LC3B
YWHAB
GUCY1B1
C3orf38
PPP1R7
SRP72
FAM200B
TCEA1
AASDHPPT
CLTC
SERBP1
DDX1
BNIP3
NUCKS1
RAB6B
RIMS4
HSCB
CPE
RPL7L1
ATP5MC2
GAP43
TSPAN3
TMEM47
CMAS
TMBIM4
CCDC25
ZNF91
PPP2R1A
EMC3
SLC39A6
NDUFS2
TSN
NCOA4
NAA20
PKIB
RAB2A
NAA38
DNAJB6
VTI1B
LGI2
SUCLA2
NRXN2
FAM192A
DZIP3
ALKBH3
RAB7A
CCDC82
TUBGCP5
ZNF75A
PLEKHA8
ZNF496
FAM120B
LRRC38
HDLBP
CDK7
INTU
FANCM
ADAMTS10
FNTA
NAP1L4
SGTB
SLC6A11
SCN3B
GPATCH2
CRY2
PCDH17
NAB1
MPP2
ZNF804B
RAD18
FRG1−DT

4−
y
ea

r−
ol

d

5−
y
ea

r−
ol

d

7−
y
ea

r−
ol

d

9−
y
ea

r−
ol

d

15
−y

ea
r−

ol
d 

B1

15
−y

ea
r−

ol
d 

B2

20
−y

ea
r−

ol
d

24
−y

ea
r−

ol
d

26
−y

ea
r−

ol
d

31
−y

ea
r−

ol
d

41
−y

ea
r−

ol
d

50
−y

ea
r−

ol
d

Age_group

Scaled average 

normalised expression

−3
−1.5
0

1.5

3

Age group

Paediatric
Adult

Inh L2-4 PVALB WFDC2

ABCD4
RETREG1
NOVA1
AC005009.2
AC007038.1
ZNF397
OGFOD1
AL139317.5
SEMA6A−AS1
A2ML1−AS1
ATG12
GPT2
GKAP1
KIN
RBPJ
ARHGAP21
ZC3H12C
CDH2
SMC1A
SUPT3H
CYP20A1
VWA8
FBXO27
INPP1
SATB1
PDHA1
IRS1
DECR1
MARCH5
SHLD1
PPM1D
TSNARE1
ANKRD10
WIF1
ZFAND6
DOCK10
BTBD3
TRPC1
ARAP2
NECAB1
TSPAN5
ARSB
MFSD14B
RPRD1A
GRIK2
SPIN1
REEP3
SMG7
AC004852.2
NEK9
TTLL7
AC093523.1
NIPSNAP2
AL512662.2
THEM4
CD55
CRB1
MAP7
FASTKD1
PPA2
RABL2A
RAB8B
HSF4
RABL2B
UFL1
GLCCI1
LINC01473
MSR1
CDH10
OXR1
TM2D3
SGO1−AS1
TRIQK
NALCN
ADGRB3
MKX
CERS6
ITPRID2
CRPPA
MPDZ
TMEM178A
PDK1
NR2C1
DPYSL5
CDKL5
CDC40
NSUN3
USP47
MRPL19
RHOA
CBWD3
MARCH6
AP000487.1
ENSA
RALGPS1
ZNF429
SPESP1
HIVEP3
GAK
LINC01277
PRPF19
SYTL5
RASGEF1A
WSCD2
GRIK4
ZDHHC3
CEP95
COX10−AS1
GPATCH2L
IFT140
WDR11−AS1
TMEM116
PRRC2B
PITPNM3
MBOAT2
BCR
AP1S3
ZNF667
PEX6
SLC8A2
ZNF30
FGGY
ALDH2
NISCH
CELF4
RTN4IP1
TNPO2
MYT1L
AC006504.5
FGD1
MKRN3
LIPE−AS1
CCDC93
GABRA3
TMEM179
SGSM1
KCNQ1OT1
PRKAR1B
CUX2
CIZ1
SUCLA2
IQCE
KCNB1
HLTF
SMARCA5
KCNAB2
ELL
MME
ACOX1
CCDC32
DNMT1
PANK2
ADARB1
RAB3GAP2
TOP2B
WDR43
CHD1
PGM3
HPS5
G3BP1
GNA12
CRCP
VPS33A
AC092944.1
IDH3A
NOL9
RNF213−AS1
TRPC6
DENR
C1D
PTPDC1
ZYX
GPATCH2
SAP30BP
IMMT
SART3
ARID3B
PSMB2
BLOC1S6
SSB
SELENOT
MTPN
NUCKS1
BZW1
BNIP3L
YBX1
EXTL2
LRRC29
SRRM4
BRWD3
CAMK4
EDRF1
PLXNA4
ABCD2
VPS13A
PIK3C2A
LINC00907
TMEM38A
UHMK1
SH3BGRL2
TRPC4AP
ZFR
ZNF793
AMD1
MED21
EIF4E
PCBP2
RMND5A
SCLT1
HACL1
TMBIM4
FDFT1
ASH2L
KCTD20
PLPP7
LGALS8
TBC1D22B
GDI2
ZNF510
RPS6KL1
PLPPR4
SOX1−OT
NDUFAF7
IGF1
SPTLC1
FAM168B
MEIS3
ANTXR1
KIAA0232
SNX10
SHISAL1

4−
y
ea

r−
ol

d

5−
y
ea

r−
ol

d

7−
y
ea

r−
ol

d

9−
y
ea

r−
ol

d

15
−y

ea
r−

ol
d 

B1

15
−y

ea
r−

ol
d 

B2

20
−y

ea
r−

ol
d

24
−y

ea
r−

ol
d

26
−y

ea
r−

ol
d

31
−y

ea
r−

ol
d

41
−y

ea
r−

ol
d

50
−y

ea
r−

ol
d

Age_group

Scaled average 

normalised expression

−3
−1.5
0

1.5

3

Age group

Paediatric
Adult

Inh L3-5 SST ADGRG6

A B

C D

90



91 

 

Figure 3.11. IDEAS reveals sets of genes that are up- and downregulated with age in several neuronal cell 

types. Heatmap plots showing the change in the level of expression with age of DEGs for Exc L2 LAMP5 LTK 

(A), Exc L3-5 RORB ESR1 (B), Inh L2-4 PVALB WFDC2 (C), and Inh L3-5 SST ADGRG6 (D). Expression level is the 

scaled average normalised gene counts per sample within each cell type. The samples were grouped into 

either the paediatric or adult age group. X axes represents samples. Y axes represents DEGs. 

For the Inh L2-4 PVALB WFDC2 population, genes increasing in their level of expression as 

the brain matures (108) were associated with processes such as response to iron ion (ACO1, 

HIF1A, SNCA) and membrane lipid biosynthetic process (SAMD8, PPM1L, PLPP1) (Fig 3.11C, 

Fig 3.12B, Supp Table 3.24) whereas genes showing an opposing trajectory were associated 

with glycerophospholipid biosynthetic process (CDS1, PGS1, SLC27A1, PCYT1A, LPIN2, 

PIK3C2B, AGPAT4, PLEKHA8),  clathrin−dependent endocytosis (GAK, CLTC, AP2A1) (Fig 

3.11C, Fig 3.12A, Supp Table 3.25). On the other hand, the downregulated genes in Inh L2-4 

PVALB WFDC2 (183) were enriched for numerous genes from the GTEx Aging Signatures 

database which are downregulated in the brain with age (GABRA1, GABBR2, RIMS4, GAP43, 

NWD2, LRRC38, ZNF804B, NMNAT2, SLC8A2) (Fig 3.11C, Fig 3.14, Supp Table 3.29). 

Likewise, genes that were downregulated with age in Inh L3-5 SST ADGRG6 (143) were also 

found to be downregulated in the brain with age according to the GTEx database (MYT1L, 

WSCD2, PITPNM3, PLPPR4, CAMK4, SHISAL1, MEIS3, SLC8A2) (Fig 3.11D, Fig 3.14B, Supp 

Table 3.29). These genes were also enriched for GO Biological processes such as protein 

targeting to peroxisome (ABCD2, PEX6, HACL1) and positive regulation of neurogenesis 

(CUX2, MME, RHOA, PLXNA4) (Fig 3.11D, Fig 3.12B, Supp Table 3.25). Moreover, several 

genes in this set were associated with presenile dementia (DNMT1, SPTLC1, SUCLA2, 

PRKAR1B, ALDH2, MME, VPS13A, IGF1, PLXNA4) (Fig 3.11D, Fig 3.13B, Supp Table 3.27). In 

contrast, genes upregulated with age in Inh L3-5 SST ADGRG6 (88) were enriched for GO 

Biological processes such as positive regulation of signal transduction (IRS1, GKAP1, SPIN1, 

TSPAN5, TM2D3, RBPJ), and positive regulation of Notch signaling (TSPAN5, TM2D3, RBPJ) 

(Fig 3.11D, Fig 3.12A, Supp Table 3.24). In addition, they were associated with intelligence 

(CDH2, PPA2, REEP3, GLCCI1, TSNARE1) from the DisGeNET database (Fig 3.11D, Fig 3.13A, 

Supp Table 3.26). 

Importantly, many of the enrichment terms did not reach significance after adjusting for 

multiple testing. Additionally, there were many genes which were expressed in a low 

proportion of nuclei (<20% of nuclei in the cell type under investigation) (Supp Table 3.23).  
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Figure 3.12. Sets of up- and downregulated genes from the IDEAS analysis are implicated in various GO 

Biological processes. Putative biological processes that are upregulated (A) and downregulated (B) with age 

for Astro L1-2 FGFR3 GFAP, Endo L2-6 NOSTRIN, Oligo L1-6 OPALIN, OPC L1-6 PDGFRA, Exc L2 LAMP5 LTK, Exc 

L3-5 RORB ESR1, Inh L2-4 PVALB WFDC2, and Inh L3-5 SST ADGRG6 (coloured according to the MTG 

taxonomy109). The top 5 terms per cell type are displayed and ranked according to their p-values. The full 

enrichment results are in Supp Table 3.24 and Supp Table 3.25.  
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Figure 3.13. Sets of up and downregulated genes from the IDEAS analysis are implicated in various diseases 

from the DisGeNET database. Putative diseases or disease-related processes that are upregulated (A) and 

downregulated (B) with age in Astro L1-2 FGFR3 GFAP, Endo L2-6 NOSTRIN, Oligo L1-6 OPALIN, OPC L1-6 

PDGFRA, Exc L2 LAMP5 LTK, Exc L3-5 RORB ESR1, Inh L2-4 PVALB WFDC2, and Inh L3-5 SST ADGRG6 (coloured 

according to the MTG taxonomy109). The top 5 terms per cell type are displayed and ranked according to their 

p-values. The full enrichment results are in Supp Table 3.26 and Supp Table 3.27.
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Figure 3.14. Sets of up- and downregulated genes from the IDEAS analysis are associated with the GTEx Aging 

Signatures 2021 database. Upregulated (A) and downregulated (B) DEGs associated with terms from the GTEx 

Aging Signatures 2021 database for Astro L1-2 FGFR3 GFAP, Endo L2-6 NOSTRIN, Oligo L1-6 OPALIN, OPC L1-6 

PDGFRA, Exc L2 LAMP5 LTK, Exc L3-5 RORB ESR1, Inh L2-4 PVALB WFDC2, and Inh L3-5 SST ADGRG6  (coloured 

according to the MTG taxonomy109). The top 5 terms per cell type are displayed and ranked according to their 

p-values. The full enrichment results are in Supp Table 3.28 and Supp Table 3.29.

3.8. Changes in the proportion of nuclei expressing each gene with age 

Unlike bulk RNA-seq data, snRNA-seq data presents the opportunity to examine the 

proportion of nuclei expressing each gene within a given cell type. This could be useful for 

identifying genes that may not change in expression level within a given cell type over time 

but show a change in the number of cells expressing them within that cell type as the brain 

matures. Alternatively, if the sequencing saturation is low, a change in the proportion of 

nuclei expressing a gene may be indicative of a change in the level of expression since genes 

which are more highly expressed should in theory have a greater likelihood of being 

sampled. Thus, assessing the change in the proportion of nuclei expressing a gene with age 

may provide insight into genes which are relevant to the process of brain maturation.  

To this end, a hypothesis test was performed to compare the proportion of nuclei 

expressing each gene per cell type between the adult and paediatric samples. This revealed 

a significant difference for 5440 genes in the Exc L2 LAMP5 LTK and 1 gene in Endo L2-6 

NOSTRIN, whereas no significant difference was observed for any other cell types (Supp 

Table 3.30). Notably, it appeared that for all the significant genes identified in Exc L2 LAMP5 

LTK there was an increase in the proportion of nuclei expressing each gene in the adult 

datasets compared to the paediatric datasets. This increasing trend in adult samples versus 

paediatric samples remained after using an alternative method to account for the total 

number of nuclei per group, by down-sampling to equivalent numbers of nuclei (Supp 

Table 3.30). Using the down sampling approach, a total of 5192 genes showed a significant 

change in the number of Exc L2 LAMP5 LTK neurons expressing them, and 4680 genes were 

shared with the original proportion analysis method (Supp Table 3.30). The down-sampling 

approach also identified a significant difference in the number of nuclei expressing one 

gene, SMS, in Exc L3-5 RORB ESR1 (Supp Table 3.30). Based on the proportion analysis 

method, the genes that were expressed by at least 20% more Exc L2 LAMP5 LTK nuclei in 

the adult datasets versus the paediatric datasets were highly enriched for several GO 

biological processes such as protein phosphorylation, synaptic signalling, vesicle-mediated 

transport, and amyloid beta formation (Fig 3.15A, Supp Table 3.31). The significant genes 

included HCN1 (Fig 3.15B) and SCN1A (Fig 3.15C) which are channels involved in regulating 

excitability in neurons274,275. These were not found to be differentially expressed by IDEAS in 

Exc L2 LAMP5 LTK (Fig 3.11A, Supp Table 3.23) despite showing a clear increase in both the 

proportion of nuclei expressing the gene and relative level of expression between 

paediatrics and adults (Fig 3.15A-C).  
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Figure 3.15. Genes expressed by a significantly different proportion of paediatric and adult Exc L2 LAMP5 LTK 

nuclei. (A) Top 50 significant genes ranked according to the difference in the percentage of nuclei expressing 

them between adult and paediatric samples (see Supp Table 3.30). Data points are coloured according to the 

level of expression (scaled average normalised gene counts). The size of the dots indicates the proportion of 

nuclei expressing the gene per sample (Left).  Enrichment plots showing the top 10 enriched terms (y-axis) 

ranked by p-value (x-axis) which are associated with the genes expressed by at least 20% more nuclei in the 

adult datasets versus the paediatric datasets. The GO Biological Processes 2021 database from the Enrichr 

package was used to perform GSEA.  Plots are coloured according to the MTG taxonomy from Hodge et al. 

(2019) (Right). (B, C) Violin plots showing the level and proportion of nuclei expressing HCN1 (B) and SCN1A 

(C) across the 12 samples in Exc L2 LAMP5 LTK. Counts are the normalised gene expression counts.

3.9. Analysis of long non-coding RNAs for two genes of interest 

Over the past decade, the regulatory functions of numerous lncRNAs in the brain have been 

begun to be described including roles in brain cell proliferation155,156, neuronal 

differentiation149,157,158, and synaptic plasticity160. Additionally, there is evidence supporting 

a role for lncRNAs in neurological disorders, including schizophrenia161, autism162, and 

epilepsy163161–163, yet the functions of the majority of lncRNAs remain unknown. Here I use 

computational means to probe the possible cell type-specific functions of two lncRNAs of 

interest from the snRNA-seq analysis, namely LINC00499 and AC004852.2. Both were 

identified as markers of a particular cell type by NS-Forest and were differentially expressed 

with age within a particular cell type. LINC00499 was identified as a novel marker of Astro 

L1-6 FGFR3 SLC14A1 and was differentially expressed in this cell type in both the DESeq2 

and Psupertime analysis. It resides on the forward strand of chromosome 4 and is 541 

nucleotides in length. AC004852.2, which is 878 nucleotides long and found on 

chromosome 7, was identified as a novel marker of OPC L1-6 PDGFRA and was temporally 

regulated according to Psupertime.  

One strategy to investigate putative functions of lncRNAs is to discover which genes their 

expression is correlated with and perform GSEA on the top co-expressed protein coding 

genes with known functions – a method described as ‘Guilt by association analysis’ (GBA)259.

To this end I used a Bayesian correlation method260 to obtain a gene-gene similarity matrix 

for each of the cell types under investigation using the gene by cell matrices from the 

snRNA-seq datasets as input. The co-expressed protein-coding genes corresponding to the 

lncRNA of interest were extracted and ranked according to their correlation score. GSEA 

was performed on two separate lists of the top 50 positively and top 50 negatively 

correlated genes (Supp Table 3.32). For LINC00499, the top 50 positively correlated genes 

were enriched for terms relating to immune functioning as well as terms such as substantia 

nigra development and positive regulation of gene expression (Fig 3.16A-B). On the other 

hand, the top 50 negatively correlated genes were enriched for terms relating to synapse 

assembly and function (Fig 3.16A-B). Notably, the top 50 positively and negatively co-

expressed genes appeared to show a pattern according to batch, with the publicly available 

datasets being more similar to each other than to our datasets (Fig 3.16A-B).   Additionally, 

many of the co-expressed genes were expressed in a low percentage of nuclei in Astro L1-6 

FGFR3 SLC14A1 (Fig 3.16A). In contrast, LINC00499 was expressed in 61% of nuclei in this 

cell type across the 12 samples (Fig 3.16A, Supp Table 3.32). Nevertheless, there were 
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several genes which were expressed in at least 35% of nuclei in Astro L1-6 FGFR3 SLC14A1 

(Supp Table 3.32) and showed either a distinct agreeing or opposing expression pattern to 

that of LINC00499, including, AQP4, PDE3B, FAM171B, TENM4, NLGN1, GRID2, RGS6, RGS7, 

(Supp Fig 3.30A, Supp Table 3.32).  

The top 50 positively co-expressed genes with AC004852.2 were associated with terms such 

as synapse organization, anterograde trans-synaptic signaling, action potential, and cell-

cell adhesion whereas the top 50 negatively co-expressed genes were enriched for terms 

such as myelination, axonogenesis, and positive regulation of phosphorylation (Fig 3.17A-

B). These genes included SCN1A, CHL1, and NOVA1 (Fig 3.17A, Supp Fig 3.30B). Markedly, 

the majority of genes in the list of top 50 negatively correlated genes were expressed in 

fewer than 20% of nuclei in OPC L1-6 PDGFRA, with exceptions being FRMD4A, FMNL2, and 

MBP (Fig 3.17A, Supp Table 3.32). In contrast, most of the top 50 positively correlated genes 

were expressed in at least 50% of nuclei, with half of them expressed in more than 90% of 

nuclei in OPC L1-6 PDGFRA (Fig 3.17A, Supp Table 3.32). This is similar to AC004852.2 which 

was expressed in 73% of OPC L1-6 PDGFRA nuclei (Supp Table 3.32).  

In addition to guilt by association analysis, determining the interaction partners of lncRNAs 

is an alternate strategy to explore the functions of these molecules without having to do 

functional genetic screens. To investigate putative DNA binding motifs for the selected 

lncRNAs, the sequence of each molecule was queried against regions near promoters 

across the entire genome using FasimTarget262, which computationally tests all known base 

pairing rules required to form RNA:DNA triplexes. The list of DNA binding motif hits were 

ranked according to the percentage of nuclei expressing the corresponding gene and the 

top 50 hits used in GSEA (Supp Table 3.32). Many of the genes on the list of putative DNA 

interaction partners for LINC00499 showed an opposing expression trajectory with age to 

that of LINC00499, which resembled the pattern observed by the top 50 negatively 

correlated genes from the GBA (Fig 3.16C).  An intersection of the top 50 positively and top 

50 negatively correlated genes from the GBA with the top 50 LongTarget genes identified 

RGS7 as a shared gene between these analyses (Fig 3.16A, Fig 3.16C, Supp Fig 3.30A, Supp 

Table 3.32).  The list of FasimTarget hits for LINC00499 was enriched for terms such as 

positive regulation of Wnt signaling, forebrain neuron development, and apoptotic process 

(Fig 3.16D).  
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Figure 3.16. Putative functions of LINC00499 in Astro L1-6 FGFR3 SLC14A1 investigated using two 

computational strategies. (A, B) GBA analysis for LINC00449 in Astro L1-6 FGFR3 SLC14A1 showing the 

expression levels (A) and associated GO Biological processes (B) for the top 50 positively correlated (red) and 

top 50 negatively correlated genes (blue). (C, D) FasimTarget analysis for LINC00499 showing the expression 

of the top 50 FasimTarget hits, ranked by the percentage of nuclei expressing them (C), and associated GO 

Biological processes (D). Dotplots are coloured according to the level of expression (scaled average 

normalised gene counts). The size of the dots indicates the proportion of nuclei expressing the gene per 

sample. Enrichment plots are coloured according to the MTG taxonomy109. 

Putative DNA interaction partners of AC004852.2 included genes such as CHL1 and NOVA1 

which were expressed in at least 70% of nuclei in the OPC L1-6 PDGFRA population (Fig 

3.17C, Supp Table 3.32). CHL1 and NOVA1 were amongst the top 50 co-expressed genes 

showing a positive correlation with AC004852.2, and were the only genes shared between 

the GBA and LongTarget analyses (Fig 3.17A, Fig 3.17C, Supp Fig 3.30B). The top 50 

FasimTarget hits (by percentage of nuclei expressing the gene) did not show a distinct 

corresponding or opposing expression pattern to that of AC004852.2 (Fig 3.17C, Supp Table 

3.32). They were enriched for terms such as proteoglycan metabolic process, negative 

regulation of cell differentiation, and positive regulation of vascular endothelial growth 

factor production (Fig 3.17D, Supp Table 3.32).  
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Figure 3.17. Putative functions of AC004852.2 in OPC L1-6 PDGFRA investigated using two computational 

strategies. (A, B) GBA analysis for AC004852.2 in OPC L1-6 PDGFRA showing the expression levels (A) and 

associated GO Biological processes (B) for the top 50 positively correlated (red) and top 50 negatively 

correlated genes (blue). (C, D) FasimTarget analysis for AC004852.2 showing the expression of the top 50 

FasimTarget hits, ranked by the percentage of nuclei expressing them (C), and associated GO Biological 

processes (D). Dotplots are coloured according to the level of expression (scaled average normalised gene 

counts). The size of the dots indicates the proportion of nuclei expressing the gene per sample. Enrichment 

plots are coloured according to the MTG taxonomy109. 

3.10. Validation of NS-Forest markers using Visium spatial transcriptomics 

To validate the cell-type-specificity of several of the NS-Forest markers, their expression 

levels were examined in Visium datasets that were generated, together with Ruvimbo Mishi 

(MSc student in the Hockman lab) for a subset of samples, namely the 4-year-old, 15-year-

old B1, 15-year-old B2, and 31-year-old. The set of 23 snRNA-seq datasets was used as a 

reference to annotate the Visium datasets, thus allowing a direct comparison between the 

snRNA-seq and Visium cell types. A machine learning method (cell2location178) was used to 

estimate the level of expression of each gene in each cell type in the spatial transcriptomic 

datasets.  

The expression of LINC00499, a marker for Astro L1-6 FGFR3 SLC14A1 in the snRNA-seq data, 

appeared to be unique to Astro L1-6 FGFR3 SLC14A1 across all four Visium samples (Fig 

3.18A). The 15-year-old B1, 15-year-old B2, and 31-year-old samples showed a greater 

number of positive spots compared to the 4-year-old which only had one positive spot while 

the 31-year-old had the greatest number of positive spots (Fig 3.18A). Comparing LINC00499 

expression to the distribution of Astro L1-6 FGFR3 SLC14A1 across the tissue showed that 

LINC00499 was expressed in a subset of the spots positive for Astro L1-6 FGFR3 SLC14A1 (Fig 

3.18A-B). For example, in the 31-year-old sample, Astro L1-6 FGFR3 SLC14A1 was most 

abundant in the first cortical layer with several spots in this layer also being positive for 

LINC00499 (Fig 3.18A-B). The cell-type specificity of expression was corroborated by the 

snRNA-seq data, which showed that LINC00499 expression was most highly expressed in 

Astro L1-6 FGFR3 SLC14A1 (Fig 3.18C). Additionally, as expected from the differential 

expression analysis for this cell type, LINC00499 was expressed at higher levels in the adult 

samples than the paediatric samples, with little expression observed in the 4-year-old and 

5-year-old (Fig 3.18D).
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Figure 3.18. Validation of LINC00499 expression as a cell type-specific marker of Astro L1-6 FGFR3 SLC14A1 

using Visium spatial transcriptomics. (A) Spatial plots showing the estimated expression level and location of 

LINC00499 in a subset of cell types for the 4-year-old, 15-year-old B1, 15-year-old B2, and 31-year-old Visium 

datasets. The scale minimum was set to zero. For each sample, the 99.2% quantile of gene expression of each 

cell type was computed and the scale limited to the maximum value computed. (B) Spatial plot showing the 

estimated abundance and spatial location of Astro L1-6 FGFR3 SLC14A1 in each of the Visium datasets. The 

scale minimum was set to zero. The scale maximum was set to the 99.2% quantile of cell abundance of Astro 

L1-6 FGFR3 SLC14A1 for each sample. (C) Violin plot showing the level of expression and proportion of nuclei 

expressing LINC00499 across all cell types in the snRNA-seq datasets. Error bars represent mean +-SEM. (D) 

Violin plots showing the level of expression and proportion of nuclei expressing LINC00499 across all 12 

samples within the Astro L1-6 FGFR3 SLC14A1 population.  

The expression of AC004852.2, a marker of OPC L1-6 PDGFRA, was estimated to only localise 

to the equivalent OPC L1-6 PDGFRA population in the Visium data (Fig 3.19A). It appeared 

to be expressed in a moderate number of spots in the 31-year-old while being expressed in 

fewer than 10 spots in the 4-year-old, 15-year-old B1, and 15-year-old B2 (Fig 3.19A). Its 

spatial location corresponded with spots showing moderate abundance of OPC L1-6 

PDGFRA cells (Fig 3.19B). In the snRNA-seq datasets, AC004852.2 showed cell-type-

specificity for OPC L1-6 PDGFRA with little off-target expression observed (Fig 3.19C). Within 

OPC L1-6 PDGFRA, AC004852.2 was expressed at high levels across all 12 samples (Fig 

3.19D).  
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Figure 3.19. Validation of AC004852.2 expression as a cell type-specific marker of OPC L1-6 PDGFRA using 

Visium spatial transcriptomics. (A) Spatial plots showing the estimated expression level and location of 

AC004852.2 in a subset of cell types for the 4-year-old, 15-year-old B1, 15-year-old B2, and 31-year-old Visium 

datasets. The scale minimum was set to zero. For each sample, the 99.2% quantile of gene expression of each 

cell type was computed and the scale limited to the maximum value computed. (B) Spatial plot showing the 

estimated abundance and spatial location of OPC L1-6 PDGFRA in each of the Visium datasets. The scale 

minimum was set to zero. The scale maximum was set to the 99.2% quantile of cell abundance of OPC L1-6 

PDGFRA for each sample. (C) Violin plot showing the level of expression and proportion of nuclei expressing 

AC004852.2 across all cell types in the snRNA-seq datasets. Error bars represent mean +-SEM. (D) Violin plots 

showing the level of expression and proportion of nuclei expressing AC004852.2 across all 12 samples within 

the OPC L1-6 PDGFRA population.  

The expression of APBB1IP, a marker of Micro L1-3 TYROBP, was largely specific to the 

microglial population in all four Visium datasets, however there appeared to be some 

expression in Exc L4-6 FEZF2 IL26, albeit at lower levels than in Micro L1-3 TYROBP (Fig 

3.20A). The spatial location of spots expressing APBB1IP appeared to largely correspond 

with the estimated spatial location of the Micro L1-3 TYROBP cells which were distributed 

across the tissue sections of the four samples, with each sample having multiple positive 

APBB1IP-expressing spots (Fig 3.20B). APBB1IP showed high specificity for Micro L1-3 

TYROBP in the snRNA-seq datasets (Fig 3.20C) and was expressed at high levels in this cell 

type across all the samples (Fig 3.20D).  It was also expressed at low levels in Exc L4-6 FEZF2 

IL26 in the snRNA-seq datasets – corroborating its expression in the Visium data (Fig 3.20C).  
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Figure 3.20. Validation of APBB1IP expression as a cell type-specific marker of Micro L1-3 TYROBP using Visium 

spatial transcriptomics. (A) Spatial plots showing the estimated expression level and location of APBB1IP in a 

subset of cell types for the 4-year-old, 15-year-old B1, 15-year-old B2, and 31-year-old Visium datasets. The 

scale minimum was set to zero. For each sample, the 99.2% quantile of gene expression of each cell type was 

computed and the scale limited to the maximum value computed. (B) Spatial plot showing the estimated 

abundance and spatial location of Micro L1-3 TYROBP in each of the Visium datasets. The scale minimum was 

set to zero. The scale maximum was set to the 99.2% quantile of cell abundance of Micro L1-3 TYROBP for each 

sample. (C) Violin plot showing the level of expression and proportion of nuclei expressing APBB1IP across all 

MTG cell types in the snRNA-seq datasets. Error bars represent mean +-SEM. (D) Violin plots showing the level 

of expression and proportion of nuclei expressing APBB1IP across all 12 samples within the Micro L1-3 TYROBP 

population.  

SEMA3E, a marker of Exc L5-6 FEZF2 ABO for 10 of the samples from the snRNA-seq analysis, 

displayed high cell-type specific expression in the expected cell type across all four Visium 

samples (Fig 3.21A). A low level of SEMA3E expression was seen in several other cell types, 

including OPC L1-6 PDGFRA, Exc L4-6 FEZF2 IL26, and Exc L4-6 RORB SEMA3E (Fig 3.21A). 

The location of SEMA3E expression corresponded closely with the location of spots with the 

greatest estimated abundance of Exc L5-6 FEZF2 ABO (Fig 3.21B). In the snRNA-seq data, 

SEMA3E showed high expression in Exc L5-6 FEZF2 ABO with a median expression of zero in 

all other cell types (Fig 3.21C). Within Exc L5-6 FEZF2 ABO, it was expressed at high levels in 

almost all samples but showed no expression in the 24-year-old (Fig 3.21D).  
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Figure 3.21. Validation of SEMA3E expression as a cell type-specific marker of Exc L5-6 FEZF2 ABO using Visium 

spatial transcriptomics. (A) Spatial plots showing the estimated expression level and location of SEMA3E in a 

subset of cell types for the 4-year-old, 15-year-old B1, 15-year-old B2, and 31-year-old Visium datasets. The 

scale minimum was set to zero. For each sample, the 99.2% quantile of gene expression of each cell type was 

computed and the scale limited to the maximum value computed. (B) Spatial plot showing the estimated 

abundance and spatial location of Exc L5-6 FEZF2 ABO in each of the datasets. The scale minimum was set to 

zero. The scale maximum was set to the 99.2% quantile of cell abundance of Exc L5-6 FEZF2 ABO for each 

sample. (C) Violin plot showing the level of expression and proportion of nuclei expressing SEMA3E across all 

MTG cell types in the snRNA-seq datasets. Error bars represent mean +-SEM. (D) Violin plots showing the level 

of expression and proportion of nuclei expressing SEMA3E across all 12 samples within the Exc L5-6 FEZF2 

ABO population.  

The 4-year-old and 15-year-old B2 samples appeared to be of lower quality than the 15-

year-old B1 and 31-year-old samples based on the expression of previously described layer-

specific markers105 (Supp Fig 3.31). Most of the markers showed more distinct expression in 

the expected layers for the 15-year-old B1 and the 31-year-old compared to the 4-year-old 

and 15-year-old B2 (Supp Fig 3.31). Additionally, they appeared to be expressed in a greater 

number of spots in the 15-year-old B1 and the 31-year-old compared to the 4-year-old and 

15-year-old B2 (Supp Fig 3.31). For example, TRABD2A, a layer V marker, showed clear

expression in the expected location in the 15-year-old B1 and the 31-year-old (Supp Fig

3.31). However, in the 4-year-old dataset and 15-year-old B2 datasets its expression was

more widely distributed and it was expressed in fewer spots than observed in the 15-year-

old B1 and 31-year-old (Supp Fig 3.31).

In summary, to analyse the snRNA-seq datasets, stringent quality control measures were 

initially performed resulting in the removal of doublets and poor-quality nuclei. The 

datasets were integrated to align nuclei with similar transcriptomic profiles across the 

datasets and clustering analysis was performed to assign the nuclei to a group according to 

their expression profiles. The nuclei were then annotated into 7 broad cell types and 54 high 

resolution cell types using a combination of manual and automated methods. 

Subsequently, NS-Forest was used to identify small combinations of coding and non-

coding marker genes defining each cell type for each sample. Three differential gene 

expression analysis tools were then applied to identify genes changing in their level of 

expression with age including DESeq2, Psupertime, and IDEAS. Additionally, proportion 

analysis was performed as a complementary approach to assess whether there was a 

change in the proportion of nuclei expressing the genes in each cell type over the course of 

brain maturation. Based on the above analyses, the putative functions of two lncRNAs of 

interest were investigated in silico. Furthermore, the expression of several genes was 

validated using Visium spatial transcriptomic datasets. Gene set enrichment analyses was 

performed on lists of genes at multiple points in the downstream analyses, revealing roles 

for the genes in various brain-related processes and neurological diseases.  



113 

 

Chapter 4: Discussion 

 

The overall aim of this project was to address the gap in our understanding of changes in 
gene expression dynamics occurring during postnatal human brain maturation. As the state 
of the literature currently stands, there are no studies exploring this process at single-cell 
resolution, thus warranting the generation of paediatric snRNA-seq datasets using human 
brain tissue. To this end, this research involved the transcriptomic profiling and subsequent 
analysis of paediatric and adult cortical nuclei obtained from elective surgeries to treat 
epilepsy including datasets from 6 paediatric and 6 adult donors.  

4.1. Data processing 

Considering the 50-60% capture efficiency of the 10X Genomics platform134, the expected 
number of nuclei targeted for each sample was 10 000 having loaded approximately 16 000 
nuclei per reaction. However, the average number of barcodes recovered prior to filtering 
was 8390 (Inter Quartile Range (IQR): 6176- 9168) per sample which is slightly lower than 
expected and may be due to inaccurate concentration estimations following nuclei 
isolation. Nevertheless, for several samples including the 9-year-old T1, 9-year-old T2, and 
15-year-old T1 B1, a greater number of barcodes were recovered than estimated (each > 
13000 barcodes prior to filtering). Markedly, the mean number of reads per nucleus and the 
average sequencing saturation of the publicly available datasets were almost double that 
of the datasets generated in our laboratory. The sequencing saturation is a measure of the 
number of times the same UMI has been sequenced, which is affected by both the 
sequencing depth and the complexity of the cell types being sequenced134. A low 
sequencing saturation indicates a high probability of there being remaining unsequenced 
transcripts which can influence the ability to detect lowly expressed genes134. Interestingly 
however, a slightly lower number of genes were detected in the publicly available datasets 
compared to the datasets generated in our laboratory, despite the publicly available 
datasets being sequenced to a greater depth. This is likely due to the newer version of the 
single-cell chemistry platform used to generate our datasets (v3) which has been shown to 
promote the detection of a greater number of genes compared to the older chemistry (v2)134, 
even when fewer reads are sequenced per cell276. Thus, despite the new datasets having a 
lower sequencing saturation than the publicly available datasets, the presence of a greater 
number of genes suggests that the quality of these datasets was sufficient to interrogate 
them further.  

Single-cell data is notoriously noisy due to various technical artifacts which can complicate 
downstream interpretation195,202. For this reason, taking stringent quality control measures 
is advisable including the identification and removal of doublets127,199. Notably, the rate of 
doublets in droplet-based studies depends on the input concentration of cells or nuclei 
loaded277. For example, the estimated multiplet rate using the 10X Genomics platform is 
~6.1% when 8000 barcodes are targeted compared to ~0.8% when 1000 barcodes are 
targeted134. Across the 23 datasets analysed in this study, the average doublet removal rate 
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was 12.62% (IQR: 11.65%-13.29%). Thus, the doublet rate is higher than the estimated rate 
for ~8000 targeted nuclei using the 10X Genomics platform which could be due to using a 
stringent doublet identification protocol comprising of three different computational tools. 
Whilst this approach may be over-sensitive in its doublet calling, it allows for greater 
confidence that the remaining nuclei following doublet removal are singlets. 

Other quality control measures included cell and gene level filtering to ensure that poor 
quality nuclei were removed. After filtering, the remaining nuclei largely had similar 
numbers of genes expressed and transcripts per nucleus per sample. However, the 4-year-
old and 26-year-old both had a greater median number of genes and UMIs detected, 
warranting appropriate normalization. Overall, the remaining nuclei showed uniformly high 
complexity (average log10Genes/UMI > 0.9) which is expected for brain cells since the 
majority of genes in the genome are expressed in brain tissue (high transcript diversity)278. 
On the other hand, the average mitoRatio per sample was very low (< 0.017). This was also 
expected since the experiment used nuclei (instead of cells) which do not express 
mitochondrial genes. The presence of some mitochondrial genes was likely due to some 
mitochondrial RNA from lysed cells attaching to the nuclear membrane after nuclei 
isolation279. While mitochondrial genes may represent an interesting source of variation in 
cells, their presence in the nuclear fraction is likely random and uninformative regarding the 
biology of the nuclei and so they were removed from downstream analysis. 

Subsequent to quality control, differences in sequencing depth between nuclei were 
accounted for by normalizing the counts per nucleus. Additionally, the variance in 
expression levels across nuclei was scaled with the mean to ensure that it is not only highly 
expressed genes contributing to variation between nuclei202. In addition to removing 
mitochondrial genes from the gene matrix, the mitoRatio variable associated with each 
barcode was regressed out to mitigate any effect it may have on downstream clustering.  
The 23 datasets were then integrated in an attempt to remove technical differences between 
samples and align similar nuclei across the various datasets205. There appeared to be a clear 
batch effect on first observing that some nuclei separated away from other datasets in the 
cluster subsequently annotated as oligodendrocytes. However, closer inspection revealed 
that the four separating branches belonged to technical replicates, each within the same 
batch (9-year-old T1 and 9-year-old-T2 in batch D; 31-year-old T1 and 31-year-old T2 batch 
C). Additionally, these nuclei only separated away from the other datasets after not prior to 
integration suggesting that this observation represents an artefact of the integration 
process and is not indicative of a batch effect. Notably, the distance between data points on 
the UMAP depends on parameters such as the min_dist parameter from the RunUMAP 
function which tries to optimise the distances with regards to the local structure212,280. 
Additionally, visualising the data in two dimensions can make distances appear further than 
they would using more dimensions, and thus the distances between the points on the UMAP 
plot should not be interpreted as a direct measure of the extent of dissimilarity212,280. These 
parameters were not adjusted when generating the plots since the UMAP could still be 
annotated under the default parameters. Taken together, the outlying nuclei may not be 
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very different to the non-outlying nuclei but can cautiously be interpreted as biologically 
distinct. Since the oligodendrocyte population comprised the largest number of nuclei, it is 
likely the most diverse population and so it is possible that the outlying nuclei represent 
sub-types or a sub-state of oligodendrocytes. 

4.2. Cell type annotation 

To annotate the nuclei as one of the various cell populations in the brain, automated and 
manual annotation approaches were used. Manual annotation included generating violin 
plots to visualize the expression of previously described marker genes across the 
unannotated clusters108–110. However, this method was ambiguous as many markers showed 
off-target expression in multiple clusters and thus were not useful for clearly distinguishing 
cell types. Nevertheless, a label transfer approach was capable of assigning each nucleus 
into one of 54 cortical subtypes from the MTG reference dataset comprising 75 
transcriptomically distinct cell types109. The annotations were validated by examining the 
expression of known cell type-specific marker genes in the various labelled populations. 
Reassuringly, the marker genes were expressed at higher levels in the expected cell types 
relative to other cell types, suggesting that the nuclei were largely annotated correctly. 

The inability to identify all 75 cell types identified in the MTG reference dataset published by 
Hodge et al. (2019)109 could be due to several reasons. Firstly, this could be due to a technical 
sampling bias. Hodge et al. (2019) specifically dissected each cortical layer from MTG 
sections and enriched for nuclei from cortical layers with higher cell type diversity109. In this 
study no layer-specific dissection or enrichment was performed which may have led to 
under sampling the diversity of cell types. Indeed, seven cell subtypes had fewer than 50 
nuclei across all 23 samples suggesting possible scarcity of certain cell subtypes. Secondly, 
Hodge et al. (2019) used a combination of known cell type-specific markers and layer 
information to annotate the nuclei. This could not be done in this study due to the lack of 
information regarding which layer the nuclei originated from. Instead, the label transfer 
method was used, which is a predictive method that scores each nucleus according to its 
similarity with each reference cell type205. This is based on correlating the expression of each 
nucleus (query) to anchors comprising of pairs of reference and query nuclei205. It is 
important to note that label transfer methods can be error prone due to incorrect pre-
processing of query or reference datasets281. They are also intrinsically biased in that they 
force each nucleus to take on the annotation with the maximum predictive score without 
using a threshold for dissimilarity (i.e all nuclei are annotated even if they show low 
predictive scores for all cell types)205. Lastly, Hodge et al. (2019)  used the Smart-seq platform 
to generate their snRNA-seq data, which usually results in a greater sequencing depth per 
nucleus282, whereas this study used the 10X Genomics platform134 and did not saturate 
sequencing depth. This difference may have precluded the identification of some cell 
subtypes that require a larger number of transcripts to be profiled in order to capture their 
molecular diversity. 

One approach to validate the cell type annotations is to conduct a similarity analysis 
comparing the query cell types against the reference cell types109. Based on the method 
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used here, the non-neuronal populations in the query dataset showed exclusive 
correlations to their corresponding cell types in the reference dataset whereas the 
excitatory and inhibitory neuron subtypes appeared to correlate with multiple other 
excitatory and inhibitory neuron subtypes respectively. Although this may be due to the 
non-neuronal subtypes having more robust and distinctive transcriptomic profiles, it is 
possible that they would also correlate with multiple subtypes had they been annotated to 
the equivalently high resolution of the neuronal subtypes. In line with this hypothesis, a 
similarity analysis conducted by Hodge et al. (2019)109 comparing the middle temporal gyrus 
dataset to the prefrontal cortex dataset from Habib et al. (2017)256 found that the 
oligodendrocyte and astrocyte populations in the query dataset mapped to multiple 
oligodendrocyte and astrocyte subtypes respectively in the reference datasets.  The low 
specificity observed when correlating query and reference cell subtypes at high resolution 
may also be due to the method of computing similarity not being sophisticated enough to 
robustly distinguish between different subtypes of cells. Both the similarity analysis used in 
this study and that described above in Hodge et al. (2019)109 make use of correlating query 
and reference datasets using a subset of genes based on their beta score. The beta score 
threshold selects for genes that have a high classification power in terms of a relative 
expression level difference between a target cell type and other off target cell types219. 
However, these genes may still be expressed in off-target cell types and so using these genes 
to correlate various cell types may not sufficiently resolve differences between cell types219. 
An alternative and potentially more robust method of mapping query to reference cell types 
is described by Johansen et al (2019)283. This approach uses an unsupervised deep learning 
integration method to compute the proportion of query and reference nuclei that co-cluster 
for each pair of query and reference cell types. Hodge et al. (2019) applied this method to 
compute the cell type homology between mouse and human cortical cell types109 but in 
theory this approach could also be used in future to validate the label transfer method used 
in this study. 

To determine whether there is a change in the abundance of cortical cell types with age, the 
proportion of nuclei per cell type per sample were plotted. This revealed an apparent 
increase in the proportion of oligodendrocytes during the early postnatal period (ages 4 to 
9). However, this interpretation is limited by the small sample size which makes this finding 
non generalizable. Additionally, the relative abundance of various cell types likely depends 
on the size of the tissue sampled, which was variable, and on the random nature of 
sampling. Moreover, this method does not account for the fact that changes in the 
proportion of one cell type can alter the proportion of another cell type284. To try and 
minimise this effect, the abundance of nuclei in each subtype can be scaled to the total 
number of nuclei in the broad cell type instead of to all nuclei116. Alternatively, a more 
suitable strategy for estimating changes in cell type abundance between groups may be to 
perform compositional data analysis using methods such as the recently published Cacoa 
method, which includes the estimateCellLoadings() function285. This approach may be more 
robust as it accounts for the fact that changes in the proportion of one cell type can affect 
the proportion of another. Further validation of this approach could include histological 
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analysis or analysis of spatial transcriptomic datasets284 which would allow for the control 
of the size and the region of the tissue analysed. In addition to plotting the proportion of 
nuclei per cell type for each sample, this parameter was also analysed for each technical 
replicate to assess the variability between tissue pieces from the same sample. While the 
cell composition of the replicates was strikingly similar for most samples, the replicates of 
the 5-year-old and 7-year-old had disparate cell compositions. This is likely due to the region 
of origin of the tissue piece used to generate the datasets. For example, the oligodendrocyte 
population appeared to be more abundant in the 7-year-old T1 replicate compared to the 
T2 replicate. This may be a result of the T1 tissue having more white matter than the T2 
tissue, since oligodendrocytes typically reside in the white matter and deeper cortical 
layers286. 

With regards to assessing the QC metrics of the annotated cell types, the neuronal cell types 
were observed to have a larger number of genes expressed per nucleus than non-neuronal 
cell types which is to be expected considering the greater complexity of neuronal cells, and 
is in agreement with the findings from previous studies using either the 10X Genomics or 
Smart-seq 4 method108,109.  Overall, the median number of genes detected per nucleus was 
approximately 2500 genes for each cell type which is considerably lower than the 
approximate 7500 genes detected for the cell types in Hodge et al. (2019)109. This may be due 
to Hodge et al. (2019) using the Smart-seq V4282 plate-based platform which likely resulted 
in a greater transcript capture efficiency per nucleus than the 10X Genomics droplet-based 
method in which the reagents are shared across multiple nuclei134. Indeed, comparing the 
plate-based and droplet-based methods applied to human, marmoset, and mouse motor 
cortex tissue in Bakken et al. (2021)108, it appears that a greater number of genes were 
detected using Smart-seq V4 compared to the 10X Genomics platform. Similar to Hodge et 
al. (2019) and Bakken et al. (2021), the excitatory neuron subtypes in this study had a greater 
number of genes detected per nucleus than the inhibitory neuron subtypes with Exc L2−3 
LINC00507 FREM3 and Exc L4−5 RORB FOLH1B among the cell types with the highest median 
gene detection. Markedly, the Exc L2−3 LINC00507 FREM3 population has previously been 
shown to have high transcriptomic diversity between nuclei and has itself been split into 
multiple subtypes, which may account for the larger transcript diversity within this cell-
type109 . 

4.3. NS-Forest marker gene analysis 

In order to explore the diversity of the brain cell atlases, marker gene analysis can be 
performed to identify genes that define each of the annotated cell types. The NS-Forest tool 
is different to other tools of its kind in that it tries to identify the smallest combination of 
marker genes required to distinguish cell types allowing for a scalable principle by which to 
define cell types219. Previously, Hodge et al. (2019)109 and Aevermann et al. (2021)219 applied 
the NS-Forest method to their MTG dataset (used as the reference for annotating our 
dataset), making these relevant studies to compare to this analysis. They applied the NS-
Forest method to their merged dataset, comprising post-mortem and surgically resected 
temporal cortex samples from 8 individuals aged 24-66. Where Hodge et al. (2019) used NS-
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Forest v1.3, Aevermann et al. (2021) used NS-Forest v2.0, with the main difference being that 
v2.0 was modified to filter out negative markers and prioritise binary markers (which have 
unique expression in one cell type) over markers that have off-target expression. 

The average number of marker genes required per sample in our study to distinguish up to 
54 cell types was 122.5 which equates to 2.4 markers required per cell type. Similarly, 
Aevermann et al. (2021) and Hodge et al. (2019) required 157 and 155 marker genes 
respectively to distinguish the 75 different cell types which corresponds to an average of 2.3 
(Aevermann) and 2.4 (Hodge) markers per cell type.  Plotting the expression of the marker 
genes against the corresponding cell types revealed a distinct diagonal line with the off-
diagonal showing low relative expression to the diagonal, indicating global binary 
expression of the marker genes. Notably however, the NS-Forest markers for Micro L1-3 
TYROBP, including APBB1IP, ADAM28, DOCK8, and C3, which are all known markers of 
microglia, were also expressed at low levels in Exc L4-6 FEZF2 IL26.  While the similarity 
analysis suggested that these populations are transcriptomically distinct, the expression of 
microglial markers in the Exc L4-6 FEZF2 IL26 suggests that the label transfer method may 
not have accurately annotated this population and that at least a subset of these nuclei may 
belong to the microglia population. 

To assess the usefulness of the marker genes in classifying cell types, two metrics, the F-
beta score and the binary expression score were computed. The F-beta score is computed 
for a combination of marker genes and is a measure of the classification power of the genes 
based on their relative expression difference between the target and off-target clusters219. 
The binary expression score on the other hand is computed for individual genes and 
measures the uniqueness of a gene’s expression in the target cluster compared to off-target 
clusters219. This is computed by assessing each gene’s absolute level of expression and the 
proportion of nuclei expressing it in the target cluster compared to off-target clusters.  
Comparing the average F-beta score for each study showed a score of 0.67 (this study), 0.68 
(Aevermann et al. (2021)), and 0.71 (Hodge et al. (2019)), whereas the average binary 
expression scores for each of the studies was 0.96 (this study), 0.94 (Aevermann et al.  
(2021)), and 0.72 (Hodge et al. (2019)). Thus, although there is a small decrease in the 
classification power of our markers compared to Hodge et al. (2019)109, the increase in their 
binary expression scores makes them more useful for downstream applications such as 
histological or spatial transcriptomic validation219. Interestingly, the median average F-
measure score for the marker gene combinations was slightly lower in the paediatric 
samples than adults suggesting that the classification power of the marker genes improves 
as the brain matures. 

The minimal marker genes identified in this study showed greater overlap with those 
identified in Aevermann et al. (2021) than those from Hodge et al. (2019) which was 
expected since I used the same updated version of the NS-Forest tool as Aevermann et al. 
(2021)219. Interestingly, STK32A was shared between all three studies as a marker for Inh L4-
5 SST STK32A. This gene encodes a kinase which has recently been characterised as having 
specificity for serine, threonine, and tyrosine residues287 and was identified as a cell type-
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specific marker of alpha motor neurons in mice288. Additionally, it was found to be 
upregulated in primary cultures of rat hippocampal neurons in response to Wnt signaling289,  
a pathway important for regulating various neurodevelopmental events including 
neurogenesis and synaptic plasticity290,291. 

By applying NS-Forest to each sample individually, I was able to expose both the 
commonalties and differences between samples. Notably, there appears to be high inter-
individual variation between samples with the majority of markers being specific to a single 
sample. Additionally, our markers showed low overall consensus with Aevermann et al219 
and Hodge et al109. The most plausible explanation for this is that there was greater diversity 
in our data since I applied the NS-Forest method to each sample individually where 
Aevermann et al. (2021) and Hodge et al. (2019) applied it to their merged datasets, in effect 
treating them as a single sample. Alternatively, it is possible that the low consensus is due 
to incorrect annotation of our datasets such that the cell types annotated in our datasets do 
not correspond to those annotated in the MTG dataset. However, validation of our 
annotations by directly comparing the similarity of our cell types to the MTG cell types 
suggests that the annotations are accurate.  Moreover, 34 markers did overlap with 
Aevermann et al. (2021) and Hodge et al. (2019) across 30 diverse neuronal and nonneuronal 
cell types, suggesting that our annotations are correct. 

Amongst the markers that overlapped multiple samples was SEMA3E, which was shared 
between 10 samples as a marker for Exc L5-6 FEZF2 ABO and has not previously been 
described as a marker for this cell type. Curiously however, SEMA3E was identified as a 
marker for the Exc L4-6 RORB SEMA3E cell type in Hodge et al. (2019)109 raising the possibility 
that Exc L5-6 FEZF2 ABO in our dataset more closely resembles Exc L4-6 RORB SEMA3E than 
Exc L5-6 FEZF2 ABO from the MTG dataset. To exclude this possibility, the similarity analysis 
showed a slightly greater correlation between the Exc L5-6 FEZF2 ABO populations across 
the two studies than between Exc L5-6 FEZF2 ABO and Exc L4-6 RORB SEMA3E. Additionally, 
analysis of SEMA3E expression in the Visium datasets revealed that it is more strongly 
expressed in Exc L5-6 FEZF2 ABO than in Exc L4-6 RORB SEMA3E. Another explanation for 
the discrepancy could be that Hodge et al. (2019) and Aevermann et al. (2021) applied the 
analysis to merged adult datasets (the MTG reference dataset) instead of to individual adult 
and paediatric datasets. This can be tested in a future study by applying NS-Forest to each 
of the individual datasets comprising the MTG reference dataset and including additional 
paediatric snRNA-seq datasets. Notably, the SEMA3E gene encodes a protein with a 
semaphorin domain which functions through its receptor, PLXND1, to regulate axon 
guidance during pre and post-natal neural circuit development292,293.  In support of its role 
in establishing neuronal circuits, the majority of the 10 datasets which had SEMA3E as a 
marker were paediatric samples. Nonetheless, since it remains a marker throughout 
maturation, it likely continues to play a key role in neuronal function even after the neural 
circuits have matured. In agreement with this, there is evidence that SEMA3E may function 
in regulating cell adhesion and the formation of synapses in a subset of granule cells in the 
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adult hippocampus whilst negatively regulating the number of stem cell niches in the 
subgranular zone292. 

In addition to markers shared between multiple samples, markers were also identified 
which were shared between paediatric samples only or shared between adult samples only. 
This included the neuromodulator, PTH2R, which was a marker for Inh L1-3 VIP GGH in 
paediatric samples. Notably, this gene encodes a G protein coupled receptor which binds 
PTH2 to regulate various behavioural responses including having anti-anxiolytic and anti-
depressive effects294. An important clarification is that the apparent specificity of these 
minimal markers for paediatric or adult cell types does not necessarily correspond to a 
difference in the level of expression of these markers between paediatric and adult tissue. 
Instead, these markers were determined as optimal minimal markers by NS-Forest based 
on their classification power and binary expression compared to other marker genes219. 
Nonetheless, there were several paediatric- or adult-specific markers that also showed a 
change in their level of expression. For example, in the NS-Forest analysis, LINC00499 was 
largely shared between adult and not paediatric samples in Astro L1-6 FGFR3 SLC14A1 and 
was also upregulated in adults in this cell type based on differential expression analysis. 
Future studies should validate whether the paediatric and adult-specific minimal markers 
identified in this study are capable of distinguishing these two groups using a larger sample 
size. 

Several subtypes including Exc L3-5 RORB FILIP1L, Exc L4-5 RORB FOLH1B and Exc L3-5 
RORB TWIST2 had a larger number of non-coding than coding minimal markers whereas the 
non-neuronal subtypes all had a larger number of protein coding genes than non-coding 
genes serving as minimal markers. This could be indicative of non-coding genes 
contributing to the diversity of neuronal subtypes which is supported by previous studies 
showing that non-coding genes are highly cell type specific and may be better markers of 
mouse neuronal cell types than protein coding genes129. Both this study and Aevermann et 
al. (2021) highlight the relevance of non-coding genes as markers of cortical cell types with 
41.8% of the markers in our study being non-coding genes compared to 24% in Aevermann 
et al. (2021)219. The means by which noncoding genes contribute to cell type diversity and 
complexity remains to be fully established219. Nevertheless, there is evidence that they may 
achieve this through various mechanisms, including altering the repertoire of available 
proteins through the regulation of alternative splicing295. 

Overall, applying NS-Forest to each dataset individually allowed me to assess the 

generalisability of  the current MTG cell atlas annotations to individual samples109. Based on 

the similarity analysis, the annotations of our dataset appears to be correct indicating that 

the cell atlas is applicable to diverse samples. However, the de novo marker analysis 

revealed individual variability within these cell types, which may be relevant to 

understanding how patients differ from each other. In turn, this may lend insight into the 

aging process or disease state. Importantly, the NS-Forest tool is a classification strategy 

and thus differences in marker genes between individuals for a given cell type may only be 

differences at a definitional level which remain to be verified at a functional level.  
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4.4. Assessing changes in gene expression levels as the brain matures 

To identify genes showing a change in their expression dynamics with age, three different 
tools were used, namely DESeq2’s LRT method209, PSupertime226, and IDEAS222 which were 
all applied to each cell type individually. PSupertime and DESeq2 could be directly 
compared since they were both designed to examine changes between various epochs of 
brain maturation whereas IDEAS was only intended to identify differences between the 
broad paediatric and adult groups. For both the DESeq2 and Psupertime analyses, there 
was a positive correlation between the number of analysed nuclei and the number of DEGs 
identified per cell type. The number of DEGs identified with IDEAS showed less dependency 
on the number of nuclei and in fact showed a weak negative correlation between these 
parameters. In agreement with this observation, pseudobulk methods such as DESeq2 have 
been shown to have enhanced sensitivity with an increase in the number of cells sampled296. 
Notably, IDEAS estimates the distribution of a given gene’s expression across all nuclei of 
the cell type of interest for each sample and then assesses whether the sample-specific 
distributions are significantly different between the conditions that are being compared (i.e. 
paediatric and adult samples)222. Thus, one possibility to explain the inverse relationship 
between number of nuclei and number of DEGs identified by IDEAS is that populations with 
large numbers of nuclei are more heterogeneous and consequently there is reduced power 
to detect differences between groups297. This reduction in power may be more pronounced 
using IDEAS compared to DESeq2 or Psupertime due to IDEAS assessing differences in both 
the mean and variance between groups, whereas DESeq2 and Psupertime are only designed 
to assess differences in the mean222. To overcome this effect in the IDEAS analysis, large cell 
populations could be further split into subtypes as this may reduce the overall 
heterogeneity in the population thereby promoting the identification of more DEGs297.  

An exploration of the intersection of the DEGs determined for each cell type for each of the 
analysis methods separately revealed numerous DEGs to be cell type-specific even amongst 
closely related cell populations. In particular, more than half of the DEGs identified by 
DESeq2 were unique to a single cell type. This finding supports the hypothesis that resolving 
different cell types is important in the analysis of age-dependent transcriptomic changes in 
the brain. With regards to the coding status of the identified DEGs, the vast majority were 
protein-coding genes. This may be because non-coding genes are generally expressed at 
lower levels298, and there is evidence that most DE tools have lower predictive power for 
lowly expressed genes compared to moderately or highly expressed genes186. Alternatively, 
it is possible that this is not a false negative finding and that most temporally regulated 
genes during brain maturation are protein-coding genes. In this case, we may speculate that 
generally, non-coding genes could be serving essential regulatory roles in specific cell types 
and are thus expressed at comparable levels across age groups, similar to house-keeping 
genes. The results of the NS-Forest analysis lend support to this hypothesis as many of the 
minimal marker genes identified were non-coding genes and were shared across multiple 
paediatric and adult samples suggesting that they may carry out fundamental functions in 
those cell types. 
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A recent single-cell analysis comparing temporal cortex samples from 75 individuals aged 
18-83 years old was able to refine the expression of temporally regulated genes identified
from bulk studies to specific cell types, including refining the age-dependent expression of
ZBTB16 to oligodendrocytes116.  The current study now expands on this to include data from
the paediatric population. Indeed, gene set enrichment analysis on the various lists of DEGs
revealed numerous examples of genes that have previously been described in the GTEx
Aging Signatures database of genes that were either up or downregulated in the brain with
age according to bulk RNA-seq analysis299. For example, ROBO2 has previously been found
to decrease in expression in the brain between age 20 and 50 according to the GTEx Aging
Signatures database299 and was identified in this study as being downregulated in the adult
datasets compared to the paediatric datasets in Exc L2 LAMP5 LTK and Exc L3-5 RORB ESR1
in both the IDEAS and PSupertime analyses. While the function of ROBO2 as an axon
guidance molecule during pre-natal development has been well characterized300, its
function during post-natal brain maturation had not been characterized until recently,
despite evidence of its continued expression in the post-natal period301. To address this gap,
Blockus et al. (2021)301 used a Robo2 conditional knockout mouse model to reveal a role for
ROBO2 in synapse formation in a subset of hippocampal excitatory CA1 pyramidal neurons.
Based on their investigation, they concluded that dual functions of molecules such as
ROBO2 may help to explain the integration of pre-natal developmental processes, such as
axon guidance, with post-natal developmental processes such as synaptogenesis301.
Additionally, they proposed that ROBO2’s expression in hippocampal excitatory CA1
pyramidal neurons may facilitate the establishment of synapse specificity whereby
individual CA1 pyramidal neurons form synaptic connections with other excitatory neurons
instead of inhibitory neurons – a process required for proper circuit formation302. Our study
corroborates this by showing specific temporal regulation of ROBO2 in subtypes of
excitatory neurons over the post-natal maturation period which aligns with the timing of
peak synaptogenesis50,51.  In contrast to the ROBO2 expression trajectory, the lncRNA,
LINC00499, increased in expression with age in Astro L1-6 FGFR3 SLC14A1 based on DESeq2
and Psupertime. This agrees with previous findings from the GTEx database describing its
upregulation in the brain with age, and refines LINC00499’s temporal regulation to a specific
cell type.

4.4.1 DESeq2 and Psupertime consensus analysis 

DESeq2 and Psupertime were both applied to identify genes which show a change in their 
level of expression as a function of time, using independent strategies. Where DESeq2 uses 
a pseudo bulking strategy that aggregates counts across nuclei for each sample209, 
Psupertime is based on pseudotime trajectory inference methods and explores gene 
expression changes as a trajectory across individual nuclei226. Pseudobulk differential 
expression analysis methods, such as DESeq2, have been found to outperform single-cell 
methods in terms of their sensitivity and specificity186,296, although this was not compared 
to pseudotime methods such as Psupertime. On the other hand, Psupertime is specifically 
designed for time-series sc/snRNA-seq data and is superior to other pseudotime methods 
as it does not assume that age represents the greatest source of variation in the data226. 
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Thus, it is useful for identifying DEGs when the changes in the level of expression are subtle 
or there are additional sources of variation in the data226. Notably, DESeq2 and Psupertime 
are not designed to identify genes which show a difference in variance between groups. 
Additionally, a shortfall of Psupertime is that it does not incorporate covariates in its design 
formula226 which may exacerbate false positives by not accounting for the effect of potential 
confounders. Identifying DEGs common to both tools leverages the advantages of each tool 
while reducing the effect of their shortcomings. This is useful for identifying DEGs with high 
confidence which may be important for postnatal human brain maturation. 

To this end, consensus genes were identified between DESeq2 and Psupertime which 
included several interesting patterns of genes that were either up- or downregulated over 
the course of brain maturation. In the Exc L2-3 LINC00507 FREM3 population, the set of 
consensus upregulated genes included LINC-PINT. This gene has previously been found to 
be upregulated in the human brain with age in a DNA microarray study using more than 1000 
post-mortem specimens spanning embryonic development, childhood, and adulthood143. 
Additionally, the aforementioned single-cell study by Johansen et al (2022) of 75 adult 
temporal cortex samples also determined a change in the expression levels of LINC-PINT 
with age and refined this to excitatory neuron subclasses116. Here I add to this knowledge 
base by including information regarding the cell type-specific expression of LINC-PINT in the 
paediatric population relative to the adult population. Although the exact function of this 
gene in neurons is yet to be characterized, there is evidence that it may function as a 
transcriptional silencer of genes that promote neurodegeneration by interacting with the 
polycomb repressor complex303,304, and thus its upregulation in excitatory neurons with age 
may be required for healthy brain aging. Recently, an alternatively spliced isoform of LINC-
PINT has been shown to form a circular RNA (circRNA) encoding a short peptide implicated 
in glioblastoma305. Both the levels of LINC-PINT circRNA and its peptide have been shown to 
have reduced expression in glioblastoma samples compared to normal human brain 
tissue305. Moreover, the overexpression of the encoded peptide reduced glioblastoma cell 
proliferation in vivo and in vitro305. Importantly, the incidence of glioblastoma increases with 
age306, warranting further interrogation of temporally regulated molecules such as LINC-
PINT which may help to explain the increased risk with age. 

In addition to LINC-PINT, BAIAP3 was another gene upregulated with age in Exc L2-3 
LINC00507 FREM3. It has been implicated in synaptic functions such as neurotransmitter 
release by influencing the SNARE-dependent anterograde trafficking pathway307. 
Additionally, it has been implicated in major depressive disorder by serving as a positive 
regulator of serotonin release from synapses308.  Amongst the genes downregulated with 
age in Exc L2-3 LINC00507 FREM3 were MYO16 and FNBP1L, which both have actin-related 
functions309,310. Markedly, increased levels of MYO16 have been observed in the brains of 
patients with Schizophrenia compared to controls311, implicating Exc L2-3 LINC00507 FREM3 
in the pathogenesis of Schizophrenia. In agreement with this, dysregulated transcriptional 
control in upper layer cortical neurons, including layer 2 and 3 excitatory neurons have 
previously been implicated in Schizophrenia284. 
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FNBP1L was also found to decrease in expression with age in Exc L2 LAMP5 LTK and is a 
known regulator of neurite outgrowth312. Additionally, it has been associated with both 
childhood and adult intelligence in GWAS studies313,314 and has recently been discovered as 
a rare variant in Alzheimer’s disease (AD) risk, with excitatory pyramidal CA1 neurons 
implicated in the pathology315. In parallel to this, APOE, which is the strongest genetic risk 
factor for  AD316, was also downregulated with age in Exc L2 LAMP5 LTK.  GSEA revealed that 
both FNBP1L and APOE were associated with receptor-mediated endocytosis – a process 
essential for synaptic plasticity317. Taken together, it is possible that the dysregulation of 
these two genes within specific excitatory neuron subtypes during brain maturation may 
increase risk for AD due to disruption of synaptic plasticity, which is a well-characterised 
early event in AD pathology318. Indeed, there is evidence supporting the upregulation of 
neuronal ApoE expression as an early hallmark in the clinical progression of AD319. 

In Exc L3-5 RORB ESR1, the lncRNA, STXBP5−AS1, was found to increase in expression over 
the course of human brain maturation. Intriguingly, variants of this gene have been 
associated with Attention-deficit/hyperactivity disorder (ADHD) in both children and adults 
with a greater association of this gene observed in adult ADHD than in childhood ADHD320.  
The normal functioning of the lncRNA is proposed to act via the SNARE complex and 
increased levels of its expression have been negatively correlated with impulsivity. 
Markedly, variants in the SNARE complex have been proposed to play distinct roles at 
different developmental periods, including exerting age-specific effects on ADHD 
behaviours321. Our study corroborates this by showing that STXBP5-AS1, which indirectly 
regulates SNARE complex formation320, changes in its expression level with age in Exc L3-5 
RORB ESR1 which may help to explain the age-specific effects of the SNARE complex in 
various psychiatric conditions321. 

Curiously, ARL17B was differentially expressed in 27 different cell types according to the 
DESeq2 analysis and showed overlap between the DESeq2 and Psupertime analyses in OPC 
L1-6 PDGFRA, Astro L1-6 FGFR3 SLC14A1, and Exc L2 LAMP5 LTK, where it showed higher 
expression in epoch 5 compared to the other epochs. While the function of ARL17B has not 
been characterised, it belongs to a family of G proteins thought to play a role in membrane 
trafficking and cytoskeleton organisation322. Its expression has previously been observed in 
excitatory neurons, inhibitory neurons, oligodendrocytes, OPCs, astrocytes, and 
microglia108. Additionally, an AD-associated genomic variant has been associated with an 
increase in ARL17B expression in all major brain cell types323. Furthermore, variants 
associated with progressive supranuclear palsy have been associated with increased 
ARL17B expression in whole tissue brain samples comprising multiple different cell types324. 
Thus, while single-cell analysis can reveal cell type-specific expression, it is also useful for 
exposing genes that show synergistic changes in expression levels across different cell 
types. 

CDH20 was one of the consensus genes upregulated with age in Oligo L1-6 OPALIN.  This 
gene has previously been found to be expressed in a subtype of oligodendrocytes referred 
to as Olig1 in a snRNA-seq study of white matter from post mortem adult brain tissue325. 
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Based on the expression pattern observed here it is possible that the Olig1 subtype may be 
more abundant in adult brains than in children. GREB1L also increased in expression with 
age in Oligo L1-6 OPALIN and has previously been found to be upregulated in astrocytes with 
age326 – a signature which can now be modified to include oligodendrocytes. Furthermore, 
QDPR and SNCA were also upregulated in oligodendrocytes with age, and both play a role 
in dopamine biosynthesis which is a function that has not previously been described in 
oligodendrocytes. Considering that the dopaminergic system has been implicated in 
several neurological conditions327 and that oligodendrocytes have also been implicated in 
various neuropsychiatric conditions328, the alteration in expression of SNCA and QDPR in 
Oligo L1-6 OPALIN during brain maturation warrants further investigation. In contrast to 
CDH20, QDPR, and SNCA, SGCZ displayed a decreasing expression profile with age in Oligo 
L1-6 OPALIN with particularly high expression in the first epoch relative to other epochs. 
Although SGCZ expression has been characterised in neurons and OPCs108, this is the first 
study to report its expression in oligodendrocytes which is likely due to previous single cell 
studies being carried out on adult samples in which it is expressed at very low levels.

Amongst the consensus genes which were downregulated in astrocytes during brain 
maturation was ADORA2B, which has previously been found to be upregulated in astrocytes 
in the early post-natal period in mouse brains. There is evidence that its expression in 
astrocytes during this period functions to terminate excessive synaptogenesis by negatively 
regulating the astrocytic expression of mGluR5 which promotes synaptogenesis329. Our 
study supports a similar role in humans by confirming the higher expression of ADORA2B in 
astrocytes during childhood. 

Similar to the expression trajectory of ADOR2B, members of the small GTPase superfamily, 
RHEB and RAB8B, were highly expressed in epoch1 and subsequently downregulated in 
Micro L1-3 TYROBP. RHEB is a well-characterised regulator of mTOR signalling which is 
fundamental to eukaryotic cellular metabolism330,331. Its function was initially characterised 
in the brain where it was shown to have activity-dependent expression in neurons and is 
therefore proposed to play a role in long term potentiation332. Notably, its expression profile 
was shown to slightly decrease in the rat brain between the early postnatal period and 
adulthood based on Northern blot analysis332. Moreover, knockout of Rheb in adult and old-
aged mice resulted in a reduced inflammatory response by microglia to lipopolysaccharide 
challenge, an effect which was more pronounced in the older mice than the younger mice333. 
While post-natal mice were not used in the above-mentioned study333, we can infer that the 
upregulation of RHEB in microglia during the post-natal period, observed in our data, would 
likely enhance the microglial response to inflammatory challenges. 

On the other hand, RAB8B has been shown to function in membrane trafficking in 
developing hippocampal neurons with loss of RAB8B expression shown to impair neurite 
outgrowth334. Additionally, there is evidence of increased expression of RAB8B associated 
with the presence of a specific risk variant in Schizophrenia patients335. Although its function 
in microglia has not been investigated, a study of two proteins in the same family, Rab20 
and Rab32, implicates a role for Rab GTPases in generating an inflammatory response in 
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microglia. Notably, proinflammatory responses of microglia have previously been 
implicated in the pathogenesis of schizophrenia336. Considering that RAB8B’s expression 
appears to be temporally regulated during a period of susceptibility for schizophrenia, 
further investigation of this gene in microglia is warranted. 

The DESeq2 and Psupertime analysis conducted here did not focus on the changes in gene 
expression between any two of the compared epochs. This could be a focus of future work 
to determine which of the epochs show the greatest cell type-specific differences over the 
course of brain maturation.

4.4.2. IDEAS analysis 

The IDEAS method222 was used to identify genes that differ in expression level between the 
broad paediatric and adult groups. In comparison to the DESeq2 analysis, where the 
samples were grouped into 5 epochs, the statistical power of the IDEAS analysis was greater 
due to the larger sample size per group allowing for multiple DEGs to be identified even in 
cell types with very few nuclei. Additionally, IDEAS was designed to identify DEGs that differ 
between groups in either their expression level or their variance, unlike DESeq2 and 
Psupertime which were only designed to identify DEGs that change in their expression level. 

Notably, in the Astro L1-2 FGFR3 GFAP population, several genes which were upregulated in 
paediatric samples compared to adult samples were associated with phosphorylation 
which is a well-established mechanism controlling various processes, including cell cycle 
progression337. Thus, the increased expression of these genes in paediatric versus adult 
astrocytes may contribute to various developmental processes of astrocytes such as cell 
proliferation which, in the rat brain, has been found to be limited to a short temporal 
window in the early postnatal years338. In addition to a role in phosphorylation, several 
genes that showed this pattern of expression, such as SLC6A1, were associated with 
Schizophrenia and temporal lobe epilepsy. Interestingly, a previous study has reported 
astrocytic dysregulation of SLC6A1 in the pathogenesis of epilepsy339, and its differential 
expression observed here may contribute to age-specific mechanisms of epileptogenesis340. 

In Endo L2-6 NOSTRIN, genes involved in calcium ion transport were upregulated in 
paediatric samples versus adult samples. Importantly, calcium signalling in brain 
endothelial cells has recently been shown to play an essential role in directing blood flow341. 
Thus, the increased expression of calcium ion transporters in endothelial cells in paediatric 
samples may facilitate increased blood supply which is a requirement during this period342. 
Markedly, several genes belonging to this expression pattern were associated with 
depression and there is evidence supporting a role for reduced cerebral blood flow in the 
pathogenesis of major depressive disorder (MDD)343. That the change in the level of 
expression of these genes occurs at the transition from adolescence to young adulthood 
may place young adults at increased risk of developing MDD. 

In OPC L1-6 PDGFRA, genes upregulated in the paediatric samples compared to adults were 
associated with developmental processes occurring during the post-natal period such as 
axonal transport and synapse organization. Furthermore, these genes were associated with 
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neurological conditions including migraine and epilepsy which are known to have 
differential manifestations with age340,344 and often have specific ages-of-onset345. Notably, 
children are more prone to seizures346 which has been attributed to hyperexcitability in the 
immature brain347. Thus, genes such as those found in the described pattern, which carry 
out normal functions during brain maturation, may place paediatric patients at increased 
risk of developing seizures347. An important consideration in my study is that the tissue 
comes from epilepsy patients. While the tissue did not come from the suspected epileptic 
focus, it may well be affected by the epileptic environment.  Thus, any genes identified that 
are implicated in seizures should be interpreted with caution and validation of their 
expression in non-epileptic tissue is warranted, for example by deconvolving paediatric and 
adult bulk RNA-seq datasets from Werling et al. (2020)136. 

Another interesting pattern to emerge from the IDEAS analysis included a set of genes 
upregulated in adults in Exc L2 LAMP5 LTK which was enriched for genes associated with 
cation channel activity and chemical synaptic transmission, including two serotonin 
receptors and two gamma-aminobutyric acid (GABA) receptors. Notably, several of these 
genes including CACNB2, DLG1, FGF14, HTR1E, AMPH, and HTR4 have previously been 
reported to increase in expression over the postnatal period across multiple brain regions 
based on weighted gene co-expression network analysis performed by Kang et al. (2011) on 
bulk RNA-seq profiles119. In Kang et al. (2011), these genes formed part of the same M2 
module and, in agreement with our study, were enriched for terms related to calcium 
signalling and synaptic transmission119. Through our single-cell analysis, this expression 
signature can now be confidently mapped to excitatory neurons. Considering these genes 
all function in influencing neuronal excitability, the increase in their expression with age 
suggests a possible maturation in the firing properties of this cell type. 

In addition to genes upregulated in Exc L2 LAMP5 LTK with age, there were also genes 
showing an opposing trajectory, including 5 genes belonging to the same family of solute 
carrier proteins (SLCs). SLCs have various functions in neurons related to cell type-specific 
neurotransmitter transport348 and have been implicated in various neurological conditions 
including major depressive disorder, epilepsy, and schizophrenia349–351. Consequently, they 
represent important drug targets352 and their altered expression between paediatric and 
adult patients seen here could explain differential responses to treatment observed 
between these groups in conditions such as epilepsy353. More than 20 genes in the pattern 
of age-dependent downregulated genes in Exc L2 LAMP5 LTK were associated with AD, 
including BACE1 which has previously been shown to be highly expressed in the post-natal 
period in mouse motor neurons354. There is further evidence that it may play various roles 
in postnatal neuronal development including in axon guidance355 and myelination356 whilst 
contributing to synaptic plasticity in the adult brain357. The identification of AD-related 
genes that are downregulated with age in Exc L2 LAMP5 LTK agrees with the DESeq2 and 
Psupertime consensus analysis which also found two AD-related genes, FNBP1L and APOE, 
to be downregulated with age in Exc L2 LAMP5 LTK. 
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MEF2C was also amongst the genes decreasing in its expression trajectory with age in Exc 
L2 LAMP5 LTK. This agrees with its described expression profile by Li et al. (2018) who 
profiled the transcriptomes of post-mortem human brain tissue samples spanning 
embryonic development to adulthood using bulk RNA-seq for most samples and scRNA-seq 
for a subset of embryonic and adult samples90. They used weighted gene correlation 
network analysis to identify modules of co-expressed genes, including genes showing 
changes in temporal expression trajectories. MEF2C formed part of a module which was 
enriched in excitatory neurons90. Its function in the nervous system is primarily a 
transcriptional repressor358 and dysregulation of this gene has been implicated in numerous 
neuropsychiatric disorders including Autism Spectrum Disorder359, Schizophrenia360, 
Epilepsy361, and Major Depressive Disorder362. In mice, knockout of Mef2c in hippocampal 
excitatory neurons resulted in reduced excitatory synaptic transmission in layer 2/3 
pyramidal neurons and increased inhibitory synaptic transmission, with concordant 
reduction in glutamatergic synaptic density and increases in GABAergic synaptic density358.  
Markedly, in the post-natal brain, MEF2C may function in synaptic pruning of excitatory 
synapses360,363,364, in contrast to its pre-natal role in synaptogenesis of excitatory neurons. 
The discrepancy in MEF2C’s effect on excitatory neurons between the pre- and post-natal 
brain could be due to a switch in its functionality over this period or it may have cell-type 
specific effects on sub-types of excitatory neurons which were not previously assessed358. 
Overall, its expression pattern in our study corroborates the findings from previous studies 
and shows a trajectory coinciding with the period of synaptic pruning, lending support to 
its role in this process. 

Reassuringly, several genes which decreased with age in Inh L2-4 PVALB WFDC2 were found 
to be downregulated in the brain according to the GTEx database. This included the GABA B 
receptor subunit, GABBR2, which forms a heterodimer with GABBR1365 and is expressed in 
both excitatory and inhibitory neurons366. It functions pre-synaptically in the secretion of 
neurotransmitters including GABA and glutamate, and post-synaptically in inhibiting 
neuronal activity367,368. Fukui et al. (2011) examined its mRNA expression level in the mouse 
brain at three post-natal stages and found it to remain relatively constant from birth to 
adulthood369. However, this was performed on whole tissue sections and so its expression 
level within specific cell types was masked369. Importantly, GABBR2 has been implicated in 
various neurodevelopmental disorders including autism spectrum disorder370, temporal 
lobe epilepsy371, and several mood disorders372, warranting further investigation of its 
function in Inh L2-4 PVALB WFDC2. 

Lastly, in the Inh L3-5 SST ADGRG6 population, a set of genes that was downregulated in 
adults was also enriched for GTEx terms of genes downregulated in the brain with age, 
including the zinc finger transcription factor, MYT1L. Similarly to GABBR2, MYTL1 has been 
associated with numerous neurodevelopmental disorders including intellectual disability, 
autism spectrum disorder, and schizophrenia373. In agreement with its expression pattern in 
Inh L3-5 SST ADGRG6, it has previously been shown to decrease in expression with age in 
both the mouse and human brain374. An extensive characterization of its function in the 
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mouse brain through knockdown analysis highlighted its importance in the maturation of 
neurons, with disruptions in both the structural and physiological properties of neurons 
observed374. Notably however, the loss of function of MYTL1 had differential effects in the 
developing mouse brain compared to the adult mouse brain, including binding to different 
chromatin targets374. This may in part be explained by changes in MYTL1 expression with age 
since the occupancy of transcription factors at binding sites depends on their 
concentration375.

In addition to MYTL1, other genes downregulated with age in Inh L3-5 SST ADGRG6 included, 
ABCD2, PEX6, and HACL1 which were associated with protein targeting to peroxisome. The 
decrease in expression of these genes with age may result in reduced degradation of 
damaged proteins with age and consequently place older individuals at risk of cognitive 
decline376. Interestingly, the genes in this pattern were also associated with presenile 
dementia, implicating Inh L3-5 SST ADGRG6 in the pathogenesis of this condition. 

Overall, the sets of differential expression analyses are informative in identifying signatures 
of gene expression within specific cell types that are implicated in the process of normal 
brain maturation and may contribute to neurological conditions. If investigated further, the 
analyses will be useful in identifying putative cell type-specific drug targets as well as 
appropriate time periods for therapeutic intervention to treat neurological disorders90,136.  

4.4.3. Proportion analysis 

In parallel to assessing changes in the level of expression of the consensus genes, changes 
in the proportion of nuclei expressing the genes were also evaluated. This revealed a general 
corresponding trend between the level of expression and the proportion of nuclei 
expressing the gene with age. Considering the high rate of drop out events and the random 
nature of sampling nuclei134,210, one cannot be confident that a difference in the proportion 
of nuclei expressing a gene between groups represents a true difference in the number of 
nuclei expressing the gene. Nevertheless, assuming that the probability of sampling a gene 
increases with an increase in its expression level, an increase in the proportion of nuclei 
expressing a gene between groups may be an indicator of an increase in its level of 
expression. Thus, this parameter could be useful as an alternative method for examining 
differences in gene expression between groups.

To test whether this parameter could be useful in identifying relevant genes distinguishing 
paediatric and adult samples, a hypothesis test was performed to compare the proportion 
of nuclei expressing each gene per cell type between the two sample groups. Intriguingly, 
this revealed a significant difference for thousands of genes in the Exc L2 LAMP5 LTK 
population with almost no genes identified in other cell types, suggesting a potential 
artefact. Nevertheless, assuming that this is a real effect, it may be due to a lower dropout 
rate in this cell type compared to most other cell types as indicated by the higher number of 
genes and transcripts detected for this cell type. Alternatively, for most cell types, the 
absolute differences in expression levels between paediatric and adult samples may be 
insufficient to be detected by this measure. The genes which showed a significant change in 
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the proportion of Exc L2 LAMP5 LTK nuclei expressing them all showed an increase in adults 
compared to paediatric samples, as well as a general increase in the level of expression, 
suggesting widespread increases in transcription with age. Further investigation is 
warranted to determine whether this observation is an artefact.

GSEA implicated a role for the genes that increased in the proportion analysis in synaptic 
signalling and protein phosphorylation – a mechanism required for synaptic plasticity. 
Markedly, HCN1 and SCN1A were amongst the significant genes. The HCN1 protein forms a 
potassium channel which decreases membrane excitability377 and its expression in CA1 
hippocampal neurons has been shown to reduce synaptic plasticity378. Importantly, in 
excitatory pyramidal neurons, the hyperpolarization-activated current generated by the 
HCN1 channel has been shown to significantly increase in its amplitude over the post-natal 
period in the mouse prefrontal cortex379. This seems to agree with the observed increased 
expression of HCN1 in Exc L2 LAMP5 LTK as the brain matures. In contrast, in inhibitory 
neurons the amplitude of the hyperpolarization-activated current decreases during post-
natal brain maturation379, highlighting the importance of examining the expression and 
function of ion channels within specific cell types. On the other hand, SCN1A is a voltage-
gated sodium channel whose expression should increase neuronal excitability275. Its 
expression has been found to increase during the post-natal period in whole cortical tissue 
samples from rodents and humans380,381. Additionally, loss of function of SCN1A in 
GABAergic neurons is the most common case of Dravet Syndrome382 - a severe epileptic 
encephalopathy. Interestingly, gain of function mutations in HCN1 have also been 
implicated in Dravet Syndrome383, presumably by also affecting inhibitory neurons. How the 
increase in expression of HCN1 and SCN1A in adult Exc L2 LAMP5 LTK neurons alters the 
firing properties and plasticity of these circuits warrants further investigation, especially 
considering their seemingly contradictory functions. 

4.5. Long non-coding RNA analysis 

A growing body of evidence suggests that lncRNAs represent an important class of 
molecules as regulators of cell type-specific functions in the brain154,156,158,219. However, the 
functions of most lncRNAs remain unknown. This prompted the in silico investigation into 
the functions of two lncRNAs identified in this study. 

LINC00499, was selected for further characterization as it showed simultaneous cell-type-
specificity for Astro L1-6 FGFR3 SLC14A1 whilst also being upregulated in this cell type with 
age according to DESeq2 and Psupertime. Investigating possible functions of LINC00499, 
through guilt-by-association (GBA) analysis suggests that it may function in pathways which 
switch off neurodevelopmental and synaptic functions, whilst switching on immune-related 
functions as the brain matures.  Since astrocytes, oligodendrocytes, and neurons come from 
the same progenitors384, it is possible that immature astrocytes have expression signatures 
reminiscent of neurons and oligodendrocytes. For example, based on GBA for LINC00499, 
TENM4 showed a directly opposing expression pattern to LINC00499 in Astro L1-6 FGFR3 
SLC14A1 – with high levels of expression in the first epoch which were subsequently 
downregulated. TENM4 expression has previously been associated with oligodendrocyte 
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differentiation385, axon guidance386, synapse adhesion387, and increased astrocyte territory 
occupation388 which is a phenotype characteristic of the early post-natal brain389. Other 
synaptic genes such as GRID2390 and NLGN1391 were also negatively correlated with 
LINC00499 based on GBA and appeared to be downregulated in Astro L1-6 FGFR3 SLC14A1 
with age. Likewise, three genes belonging to the Regulator of G protein signaling family 
(RGS6, RGS7, and RGS20) also showed an opposing pattern to LINC00499, with RGS7 and 
RGS20 being amongst the FasimTarget analysis hits. These genes negatively regulate the G 
protein-coupled receptor signalling pathway392, which plays a critical role in mediating 
astrocyte-neuronal communication, in turn effecting synaptic transmission and 
plasticity393. In contrast to their expression profile, AQP4, which is a marker of mature 
astrocytes394, was upregulated with age in Astro L1-6 FGFR3 SLC14A which correlates with 
the expression profile of LINC00499. 

In support of the interpretation of LINC00499 serving as a regulatory switch, an exploration 
of putative DNA binding motifs of LINC00499 revealed that most hits showed a general 
opposing expression profile to that of LINC00499, suggesting it may act as a negative 
regulator of gene expression. The top 50 genes (based on the percentage of nuclei 
expressing the genes) were associated with processes such as neuron development and Wnt 
signaling which is involved in oligodendrocyte differentiation395. This agrees with the 
hypothesis that increased expression of LINC00499 with age may switch off neuron and 
oligodendrocyte-related pathways that are active in the early post-natal period. 
Importantly, variants at the LINC00499 locus have been implicated in various neurological 
conditions including Autism Spectrum Disorder396, Major Depressive Disorder397 and 
differential responses amongst Schizophrenia patients to the drug, paliperidone398 . Thus, 
alterations in the expression of LINC00499 during critical post-natal periods may disrupt 
normal astrocyte functioning and thereby increase risk for neuropsychiatric conditions.

AC004852.2 is also an lncRNA of interest as it was identified as a novel cell type-specific 
marker for 10 of the samples in the OPC L1-6 PDGFRA population. GBA analysis indicated a 
possible role for this gene in synaptic signalling and it was co-expressed with genes such 
SCN1A which, as discussed above, is a voltage gated sodium ion channel that has been 
implicated in the pathogenesis of various epilepsies (both loss and gain of function 
mutations)399,400. SCN1A expression in OPCs has previously been described but its function 
in these cells remains unknown401. In addition to SCN1A, NOVA1 was also co-expressed with 
AC004852.2 and was discovered as a DNA interaction partner according to FasimTarget 
analysis. NOVA1 functions in alternative splicing in neurons and was previously 
characterised as a neuron-specific protein402. However, more recent analysis and evidence 
from this study suggests it is also expressed in OPCs108,403. 

Long non-coding RNAs are increasingly implicated in polygenic neurological disorders 
including conditions which typically manifest during critical periods post-natally. For 
example, in a study of major depression using post-mortem human brain specimens, 
lncRNAs represented almost a third of the DEGs identified between cases and controls404. 
Thus, characterising their expression dynamics in the brain with age and determining the 
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specific cell types which they are expressed in may help to elucidate the pathogenesis of 
complex disorders.   

4.6. Validation of snRNA-seq analysis results using Visium spatial 

transcriptomics 

The 10X Genomics Visium platform was used to validate the cell type-specific expression of 
several of the NS-Forest minimal marker genes using a subset of samples and cell types. The 
Visium datasets were annotated using the merged paediatric and adult snRNA-seq datasets 
generated in this study in order to render the two sets of transcriptomic data comparable. 
Where a label transfer approach was used to annotate the snRNA-seq datasets, an 
independent machine learning method from the cell2location package was used to 
annotate the Visium datasets. Assessing the expression of four of the NS-Forest minimal 
marker genes confirmed their expression in the expected cell types. This included 
LINC00499 in Astro L1-6 FGFR3 SLC14A1, AC004852.2 in OPC L1-6 PDGFRA, APBB1IP in Micro 
L1-3 TYROBP, and SEMA3E in Exc L5-6 FEZF2 ABO. 

LINC00499 expression in the Visium datasets appeared to largely be restricted to the Astro 
L1-6 FGFR3 SLC14A1 population in agreement with its expression in the snRNA-seq data. 
Furthermore, the 4-year-old had the fewest number of positive spots followed by the two 
15-year-old samples while the 31-year-old had the greatest number of positive spots – in
line with the proportion of nuclei expressing LINC00499 in each of the snRNA-seq samples.
Interestingly, most of the spots estimated to have greatest abundance of the Astro L1-6
FGFR3 SLC14A1 cell subtype did not seem to express LINC00499 indicating that it was only
expressed in a subset of Astro L1-6 FGFR3 SLC14A1 cells. This finding could be further
validated by analysing LINC00499 expression alongside known cell type markers in tissue
sections using more targeted approaches such as in situ hybridization chain reaction405.

Notably, in the snRNA-seq datasets, AC004852.2 was expressed at high levels and in a large 
proportion of nuclei in OPCs across all samples. However, the Visium analysis revealed very 
few spots expressing these genes for three of the samples, contrary to expectation. This 
could be due to the lower sensitivity of the Visium platform compared to the snRNA-seq 
method since Visium is unable to detect single cells but instead captures up to 30 cells per 
spot105. Alternatively, there may be fewer OPC cells in the tissue sections used for Visium 
compared to the pieces of tissue used to generate snRNA-seq libraries, or the cell2location 
analysis may have incorrectly estimated the abundance of OPCs in the Visium data. 

A previously described marker of microglia, APBB1IP270, was also found to be a marker gene 
for microglia in the snRNA-seq data where it was largely specific to Micro L1-3 TYROBP and 
was expressed in a large proportion of nuclei in this population across all snRNA-seq 
samples. This was validated in the Visium datasets in which it was most highly expressed in 
Micro L1-3 TYROBP cells compared to cells of other populations across all four samples. 
Furthermore, it appeared to be expressed in a large proportion of this population as 
indicated by its colocalization with spots showing greatest estimated abundance of Micro 
L1-3 TYROBP cells. In both the Visium and snRNA-seq data, APBB1IP appeared to also be 
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expressed in Exc L4-6 FEZF2 IL26, however this was at lower levels than those observed in 
Micro L1-3 TYROBP. As aforementioned, several other microglial markers in the snRNA-seq 
data were also expressed at low levels in Exc L4-6 FEZF2 IL26 which seems to suggest that 
the Exc L4-6 FEZF2 IL26 nuclei were incorrectly annotated. However, the independent 
validation of APBB1IP expression in Exc L4-6 FEZF2 IL26 in the Visium analysis, which was 
annotated using a different approach to the label transfer method used in the snRNA-seq 
analysis, favours an alternative interpretation that this excitatory neuron population does 
indeed express microglial genes, albeit at lower levels than in microglia.

SEMA3E was identified as a marker gene for Exc L5-6 FEZF2 ABO in 10 of the snRNA-seq 
datasets and showed high cell-type-specificity for this cell type. Markedly, Hodge et al. 
(2019)109 identified SEMA3E as a minimal marker of Exc L4-6 RORB SEMA3E not Exc L5-6 
FEZF2 ABO. However, in the Visium datasets, it was expressed at high levels in Exc L5-6 
FEZF2 ABO whilst being expressed at much lower levels in Exc L4-6 RORB SEMA3E, validating 
it as a cell type-specific marker for Exc L5-6 FEZF2 ABO in our datasets. That SEMA3E appears 
to be a novel marker of Exc L5-6 FEZF2 ABO in our study and not in Hodge et al. (2019) may 
be an indication that the current draft human brain atlas does not fully capture human brain 
transcriptomic diversity. Thus, to achieve a more comprehensive human brain cell atlas, the 
integration of the current atlas with a greater number of diverse datasets, including samples 
from diverse populations, age groups, and sexes is warranted. Moreover, the inclusion of a 
greater number of datasets that have been processed in different laboratories will help to 
distinguish technical effects, such as sample storage methods, sample processing, and data 
analysis methods, from biological effects.

4.7. Limitations and future directions 

While this research has provided insight into the cell type-specific gene expression changes 
that may be occurring during brain maturation, a clear limitation of this study is the small 
sample size which limits the generalizability of the findings to the larger population. 
Importantly, a large source of variation between samples was the variable distinguishing 
the publicly available datasets from our datasets. This effect may be due to the single cell 
chemistry platform used as the sequencing depth improved in the v3.1 (used to generate 
our datasets) versus v2.0 chemistry (used to generate the publicly available datasets)134. 
However, contrary to expectation, a greater average sequencing depth was observed in the 
publicly available datasets compared to our datasets which may be due to fewer barcodes 
being sequenced in the publicly available datasets compared to our datasets. This would 
allow for greater depth per barcode in the publicly available datasets which may explain the 
batch effect observed. To try minimize the impact of this batch variable (referred to as single 
cell chemistry platform in the metadata), its effect was modelled in the DESeq2 and IDEAS 
pipelines and adjusted accordingly. Future studies can randomly down-sample the number 
of reads to that of the sample with the fewest reads to account for differences in sequencing 
depth between samples and minimise batch effects406. However, this poses the risk of losing 
valuable information. 
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The sex of the donors was also a potential confounding variable especially since there was 
a bias between groups with only one male in the adult age group compared to 3 males in 
the paediatric group. This was not regressed out with the single cell chemistry variable as 
the inclusion of too many covariates in the regression model could inadvertently regress out 
biological variation due to the independent variable of interest209. Nonetheless, each of the 
resulting gene expression patterns were visually inspected for sex-specific effects. Overall, 
it appeared that sex was not a major confounding variable but future studies such as this 
can specifically model its effect to identify temporally regulated genes that are specific to a 
particular sex. This may provide insight into sex-specific differences in neurological 
conditions, for example why depression and anxiety disorders are more common in females 
than males407,408. Overall, increasing the sample size will minimize the effect of confounding 
variables whilst increasing the power to identify true differences between the age groups. 
There are currently two research groups funded by the Chan Zuckerberg foundation which 
are working towards generating paediatric brain cell atlases409. In the coming years, these 
can be integrated with our datasets to further explore the generalisability of our findings.

Another critical consideration is the use of tissue obtained from epilepsy patients. As 
mentioned above, the tissue did not come from the suspected epileptic focus. However, 
considering that many epilepsies have a large genetic component361, it is possible that there 
are underlying epileptogenic signatures affecting the tissue. It is also possible that some of 
the transcriptomic differences observed between the paediatric and adult datasets 
represent age-dependent differences in the pathogenesis of epilepsy and not differences 
which would ordinarily be observed between healthy subjects. It is reassuring that the 
current differential expression analyses revealed numerous genes which have previously 
been shown to change with age in bulk RNA-seq datasets generated using non-epileptic 
tissue. This suggests that we have successfully detected temporal signatures resembling 
that of normal tissue. Moreover, the use of tissue from epilepsy patients in this study is a 
valuable trade-off for the opportunity of using ante-mortem brain tissue which is less 
susceptible to RNA degradation and artefacts relating to the post-mortem period133,410,411. 
Nonetheless, a recommendation for future studies would be to generate snRNA-seq 
datasets using both the epilepsy focal tissue and the surrounding tissue from the same 
patients to determine the extent to which these sources of tissue are the same. Alternatively, 
the study could be repeated using post-mortem paediatric and adult tissue to see if the 
results in this study can be replicated. 

The use of nuclei in this study instead of cells was necessary as the tissue had to be frozen 
for logistical reasons and use of cells from frozen tissue is not a viable option128. Notably, the 
nuclear fraction provides a limited picture of total transcript diversity since it only 
represents a portion of transcripts in the entire cellular fraction, with the expression of some 
genes such as microglial activation genes appearing to differ between these two 
fractions129,255. Nonetheless, there is evidence that snRNA-seq and scRNA-seq are 
comparable in their ability to resolve cell types, even transcriptionally similar neuronal cell 
types129, suggesting that the use of nuclei is not a major limitation. 
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In terms of the interpretation of the differential expression analysis, GSEA was performed 
using Enrichr to identify putative functions of the genes. This method was chosen due to the 
variety of databases available including the GTEx Aging Signatures database299, which was 
relevant to the context of this study. However, there are various other approaches to 
carrying out an enrichment analysis which could be applied to these datasets in a future 
study228. For example the Broad Institute’s GSEA method229 could be applied which takes a 
ranked list of genes as input and has been suggested to outperform hypergeometric 
methods such as Enrichr285. Markedly, many of the terms identified in this study did not 
reach significance after adjusting for multiple testing. Nonetheless, both the significant and 
non-significant terms provide preliminary insight into putative functions of the genes which 
can be used to generate hypotheses that can be tested experimentally within specific cell 
types of interest. 

Another important consideration of the differential expression analyses is that many of the 
significant DEGs were expressed in a low proportion of nuclei in the cell populations under 
investigation (i.e. < 20% of nuclei). As we did not saturate sequencing depth, it is unclear 
whether these genes are indeed only expressed in a fraction of nuclei in the population or if 
they were only detected in a fraction of the nuclei due to some nuclei not being sequenced 
to a great enough depth.  While the data was normalised for sequencing depth, it is possible 
that differences in sequencing depth were not fully corrected for and that some DEGs may 
be artefacts due to the random nature of sampling. This may be improved by increasing the 
sequencing depth and sample size. Additionally, future studies can use a more stringent 
threshold to exclude genes that are expressed in a small percentage of nuclei. As this was 
an exploratory study, I chose not to use stringent exclusion criteria to avoid the possibility 
of losing genes of interest. 

With regards to the lncRNA analysis, the characterization performed here was very coarse 
as it was only performed to generate hypotheses as to the putative functions of the selected 
molecules. However, to refine the characterization performed here and provide robust 
evidence of their functions, further characterization is warranted such as identifying global 
DNA interaction partners of the lncRNAs using GRID-seq412, identifying global protein 
interaction partners using methods such as RNA affinity purification followed by mass 
spectrometry413, and performing knockout or overexpression analyses in specific cell 
lines169.  Notably, the 3' end sequencing method used by 10x Genomics is designed to target 
polyadenylated transcripts and thus some lncRNAs may have gone undetected in this study 
since not all lncRNAs are poly-adenylated. 

Lastly, the analysis performed here provides a picture of the molecular changes driving 
post-natal human brain maturation but there are many levels of genetic and epigenetic 
regulation not captured by only examining the transcriptome. For example, epigenetic 
modifications such as methylation can alter which genes are expressed which requires 
alternative techniques to detect such as bisulfite sequencing in single cells414. Additionally, 
translation does not necessarily recapitulate transcription and so validation of the 
expression of protein-coding genes using methods such as immunohistochemistry is 
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warranted. Another consideration is that post-transcriptional splicing can greatly influence 
the levels of specific isoforms of genes415, adding another layer of complexity to gene 
regulatory networks since different isoforms can have different regulatory roles416. The 10X 
Genomics method used here only profiles the 3’ end of transcripts and so isoform 
information is lost. However, alternative snRNA-seq techniques, such as Smart-seq3, 
capture full length transcripts allowing one to study cell type-specific differences in the 
levels of transcript isoforms417. This protocol is in the pipeline in our laboratory which will 
allow us to examine whether certain gene isoforms are differentially expressed with age. 
Alongside this, another project in our laboratory has generated single-nucleus Assay for 
Transposase Accessible Chromatin (snATAC) sequencing profiles using the same samples as 
the snRNA-seq datasets. By integrating this epigenetic analysis with the snRNA-seq analysis 
we may gain insight into how chromatin regulation influences age-dependent gene 
expression dynamics.      

4.8. Conclusion 

The study expands on the literature by testing the generalisability of current draft MTG cell 
atlas to novel samples. While the draft atlas could successfully be used as a reference to 
annotate our datasets, distinct differences between our datasets and the reference dataset 
were apparent including differences in the number of cell types identified and differences 
in marker genes distinguishing cell types. This observation warrants the inclusion of a 
greater number of diverse datasets into the reference human brain cell atlas in order to have 
a comprehensive reference atlas which can be applied to samples of diverse demographics. 
Markedly, the datasets generated in this study serve as a locally and globally relevant 
resource to explore differences between the paediatric and adult human brain at single cell 
resolution. Through the analysis carried out here, I was able to identify transcriptomic 
differences between the age groups, including identifying putative marker genes of specific 
cell types capable of distinguishing paediatric from adult brains. Additionally, genes 
changing in their level of expression with age or in the proportion of nuclei expressing them 
were identified for various neuronal and non-neuronal cell populations. Notably, the 
differential expression analysis revealed that numerous age-dependent differences in gene 
expression were cell type and subtype-specific, affirming the importance of exploring gene 
expression dynamics during postnatal human brain maturation at single cell resolution. The 
study reinforces the relevance of non-coding genes in the brain and highlights their possible 
contribution to brain cell-type diversity. Importantly, this research may contribute to our 
understanding of neurological disorders, especially conditions which manifest differently 
between children and adults. 
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