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Abstract 

Epilepsy is a complex neurological disorder, affecting millions of people worldwide. It is 

characterised by spontaneous seizures caused by hyperexcitability of neurones in the brain. 

There is a large unmet need for new epilepsy therapeutic strategies, with one in three patients 

experiencing uncontrolled seizures despite medication. This thesis explores the cellular and 

molecular landscape of epilepsy at a single-cell level using single-nucleus RNA sequencing, 

offering greater resolution to the diverse cell-types involved in epilepsy. Using tissue from 

three mouse models of epilepsy; Pilocarpine induced status epilepticus, Self-Sustaining status 

epilepticus, Focal Cortical Dysplasia, and two human epilepsies; Hippocampal Sclerosis, and 

Focal Cortical Dysplasia, this work aimed to identify converging signatures across multiple 

forms of epilepsy and brain regions.  

 

Using an optimised bioinformatic pipeline, this work identified differentially expressed genes 

(DEGs) in epilepsy, providing insights into the transcriptional and epigenetic changes 

associated with the disease state. Functional enrichment analyses revealed pathways 

implicated in neuronal excitability and neuroinflammation, emphasizing the role of glial cells 

as well as neurons in epilepsy pathology.  

These analyses were then integrated with epilepsy GWAS and rare-variant analyses, to 

associate epilepsy risk with these transcriptional changes. A convergent signature was 

identified in astrocytes across both monogenic and polygenic epilepsies in both mouse and 

human forms of epilepsy. Perturbation datasets were integrated with the DEGs to predict 

potential regulators of epilepsy that could be targeted for treatment. With a focus on drug 

repurposing, these targets were intersected with interaction databases to identify candidate 

drugs for the treatment of epilepsy, focusing on disease modification. We highlight predicted 
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targets with pre-approved molecules, some which have been previously shown to be effective 

in epilepsy. This work enhances our understanding of epilepsy at a single-cell level, 

highlights the heterogeneity of the disease, identifies associated pathways, and points to 

potential therapeutic targets. 
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Chapter 1 

Introduction 

1.1 Epilepsy 

Epilepsy is a common neurological disorder which is primarily characterized by recurrent 

seizures (1). Active epilepsy affects approximately 1 in 200 people, and more than 50 million 

people worldwide (2). It can occur at any age, with a higher incidence in younger (i.e. infants, 

children and young adults) and older (i.e. over 60) age groups, and it is also seen more 

frequently in low to middle income countries. A diagnosis of epilepsy can be life changing 

due to the disease’s debilitating nature, and it is often accompanied by a range of 

comorbidities. Furthermore, patients with epilepsy are three times more likely to die 

prematurely than the general population. Beyond the physical and cognitive repercussions of 

seizures, patients also endure societal and psychological consequences, due to the prevailing 

stigma, as well as cognitive and behavioral complications. Despite the high disease burden, 

there is still a large unmet need for new epilepsy treatment, and 30% of patients with 

Epilepsy have seizures that cannot be controlled by medication (3–5). 

 

1.1.1 Clinical symptoms and diagnosis 

A person is defined as having epilepsy if they have two or more unprovoked seizures, which 

occur more than 24 hours apart, or a single seizure with a substantial risk of recurrence (1). 

The epileptic seizure is the primary symptom of epilepsy. Seizures can be highly disabling, 

and symptoms may include an abrupt abrupt, involuntary stiffening, followed by synchronous 

jerking and a loss of awareness as in the case of a generalized tonic clonic seizure. Focal 
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symptoms are usually observed as visual and auditory impairments (occipital and lateral 

temporal seizures respectively), accompanied by other symptoms such as cognitive 

disfunction and disruption in bladder and bowel control (2). The specific symptoms exhibited 

hinge on the origin of the abnormal neuronal activity within the brain. The International 

League Against Epilepsy (ILAE) classification framework is a tool that is frequently used in 

the diagnosis of individuals with seizures. According to this classification seizures can be 

categorized as being Focal, Generalised or Unknown. Focal seizures arise from a specific 

region or hemisphere of the brain, whereas Generalised seizures begin in a wide area over 

both hemispheres. In cases where the onset of a seizure cannot be determined, it falls under 

the "Unknown" classification (Figure 1.1) (6).  

 

 
 

 

 

 

 

 

 

 

 

Figure 1.1 – Classification of Epileptic Seizures according to the International League 

Against Epilepsy (2017). This flowchart illustrates the categorization of seizures starting 

from their major types – Focal, Generalised and Unknown. These types can be further 

classified into more specific epilepsy types and epilepsy syndromes. Various aetiologies and 

comorbidities can be used to aid classification (Image Credit: Scheffer et al. 2017)(7). 
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As well as classifying the seizure type, the specific epilepsy syndrome can also be classified. 

Epilepsy can be more accurately described as a syndrome made up of many different epilepsy 

diseases due to the variation in the presentation of symptoms. The type of epilepsy can 

inform the treatment a patient receives. Diagnosis is based on several features such as seizure 

type, EEG, imaging, age of onset as well as age progression of the disease. Good 

classification of epilepsy syndromes can guide good treatment (6). 

Co-morbidities of epilepsy include psychological problems such as anxiety, depression, 

learning difficulties and autism spectrum disorder (ASD), adding to the challenge of the 

disorder. Additionally, people with epilepsy have higher rates of injuries such as fractures 

and bruising from seizures, and epilepsy related deaths are often caused by indirect effects of 

seizures such as falls, drownings, adverse effects of anti-epilepsy drugs (AEDs), psychiatric 

drugs or aspiration pneumonia, all which could be prevented. Death in epilepsy can also be 

caused due to the direct effects of seizures such as in sudden unexpected death in epilepsy 

(SUDEP)(6,8,9).  

Epilepsy can be genetic or acquired. Historically, epilepsies that are caused by largely genetic 

factors have been termed ‘idiopathic’, and epilepsies that are caused by acquired factors 

‘symptomatic’. Symptomatic epilepsies can be acquired through infection or injury, such as 

traumatic brain injury, tumour, or stroke. This is likely why the rate of incidence is higher in 

low-income countries where the quality of underlying infrastructure may result in more 

infection, birth injury and traffic accidents, and where resources are scarce. Many acquired 

cases of epilepsy are preventable (25%). Other risk factors for epilepsy include 

cerebrovascular disease, tumour, alcohol abuse and developmental malformations (10,11). 
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1.1.2 Pathogenesis and aetiology 

Seizures are caused by abnormal and uncontrollable electrical activity in the cortex which can 

be focal or generalized. Abnormal electrical activity involves the hypersynchronous firing of 

neurons and neuronal networks. An early view was that epilepsy is caused by an imbalance in 

the inhibitory and excitatory neurotransmission through the GABA and glutamate receptors, 

but this is now thought to be an over simplification (12,13). The aetiology of epilepsy is 

likely made up of a complex interaction between genetics and the environment, and the 

progression can be influenced by several factors including genetics, environment, brain 

structure, and the response to treatment. Some patients experience progressive deterioration 

of the condition while others experience steady seizures throughout their lifetimes (13,14). 

Understanding the pathogenesis and progression of epilepsy often involves studying the 

initiation of seizures and epileptogenesis, this is the process in which seizures develop from 

previously normal brain tissue. This involves studying the molecular, structural, cellular and 

circuit level alteration that lead to unprovoked seizures, usually initiated by a pathogenic 

event or a genetic alteration (6,15). Understanding the pathogenic alterations that occur 

during the process of epileptogenesis, and its progression is important in helping to find 

therapeutic interventions (16). There has been considerable progress in understanding 

epilepsy, and it has been shown that many of the genetic mutations involved in epilepsy are 

involved in synaptic transmission or ion channels. However due to the heterogeneity of the 

disease, the mechanisms involved in causing seizures are still poorly understood. A better 

understanding of the early stages of disease may help to find better interventions. There is 

also emerging evidence that implicates immune system dysregulation and inflammation in 

epilepsy pathogenesis (17). This can include autoimmune epilepsy associated with antibodies 

directed against the neuronal cell membrane (e.g., LGI1, CASPR2 etc) or cytoplasm (e.g., 
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GAD65), as well as a role for immune dysregulation in the process of epileptogenesis 

following brain injury (18,19).  

 

1.1.3 Genetics of Epilepsy  

Epilepsy is a highly heritable condition with up to 70% of cases arising through no cause 

other than an inherited predisposition. This has been established both through traditional 

twin-based studies and also more recent genome-wide heritability analyses (20). Twin and 

family studies have shown that the heritability of epilepsy ranges between 35-70% depending 

on the type of epilepsy. Even epilepsies that have been acquired are thought to have some 

genetic factors, as shown by family history data (11,21). The heterogeneity of epilepsies can 

be attributed to the underlying genetic architecture. These can be Mendelian (or monogenic) 

in which a single gene (with a large effect size) is responsible for the inheritance of the gene, 

or complex, where several loci interact together and with environmental factors in order to 

cause the disease (22). Mendelian (or monogenic) epilepsies are rare are often begin in 

childhood, and these are predominantly channelopathies. CHRNA4, the first gene to be 

linked to epilepsy, was discovered in 1995 through linkage studies in affected families. It 

encodes a subunit of the acetylcholine receptor (nAChR) which is a ligand-gated ion channel 

(23,24). Since then, mutations have also been identified in several voltage-gated ion channels, 

in particular K+ and Na+ channels. One of the most common epilepsy genes, SCN1A which 

encodes for a neuronal sodium channel subunit is responsible for several epilepsies. The 

majority of SCN1A gene mutations cause Dravet syndrome, a severe epileptic 

encephalopathy which is resistant to medication (25). While monogenic epilepsies are rare 

individually, they account for a high proportion of epilepsy cases. Studying these forms of 

epilepsy has improved our understanding of the mechanisms involved in the disease by 

demonstrating how neuronal activity, ion channel function, and synaptic transmission are 
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disrupted to contribute to seizure generation. Technological advancements have also meant 

that genetic testing has become a part of epilepsy diagnosis and clinical practice in early 

onset forms of epilepsy or specific epilepsy syndromes such as Dravet, where causal 

mutations are known and well characterized (26).  

 

As technology has advanced, our knowledge of the genes involved in epilepsy has widened. 

Targeted approaches such as whole exome sequencing (WES) and whole genome sequencing 

(WGS) of large cohorts have been used to detect high susceptibility variants in the general 

population. These have helped to identify de novo epilepsy genes particularly, meaning they 

occurred in the gametes or developing embryo. These account for some of the most severe 

forms of epilepsy (27). However, these de novo genes are rarely inherited, and do not explain 

the majority of epilepsy heritability (28). While rare variants have been shown to contribute 

to both generalized and focal epilepsy, large proportion of epilepsy heritability remains 

unexplained and cannot be accounted for by known genetic variants. 

 

The majority of epilepsies are likely driven by more complex inheritance and remain poorly 

understood. Complex traits are believed to have multigenic susceptibility, mediated by 

common genetic variation such as in single nucleotide polymorphisms (SNPs). It is through 

that the additive effect of multiple small effect variants is what contributes to most family 

risk for epilepsy (28). This may also involve interactions between multiple genes as well as 

interactions between genetic predisposing and environmental factors. The genetic architecture 

of epilepsy is complicated with different types of epilepsy syndromes likely having distinct 

genetic underpinnings. This means the identification of complex genetic factors has been 

much less successful (22). The advent of genome-wide association studies (GWAS) have 

allowed for the discovery of common risk factors for epilepsy, as these allow for an unbiased 
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approach without the need to select candidate genes. GWAS are a type of study designed to 

identify common genetic variants (defined as variants with a population frequency > 1% (29) 

that are associated with complex diseases and phenotypes. GWAS typically involves testing 

the frequency of a variant across the entire genome between two populations of matched 

cases and controls where the cases have the trait of interest and the controls do not. Millions 

of SNPs are compared between groups to find variants that are more significantly present in 

cases. As disease effect sizes for common variants (SNPs) are usually small, GWAS usually 

require very large sample numbers and careful phenotyping. Due to the large number of 

statistical tests (one per SNP), the genome wide significance threshold must account for 

multiple comparisons to minimize type 1 error (false positive results). The larger the sample 

number, the better the ability to detect significant associations (30). A critical issue in the 

GWAS statistical toolbox is the avoidance of population stratification which can also 

introduce false positive disease associations due to genetic mismatches arising from 

systematic population or ethnicity differences between disease cases and controls.  

 

The international against epilepsy (ILAE ) consortium on complex epilepsies have led several 

large GWAS studies (31,32), the largest and most recent of which was published in 2022 

identified 26 common epilepsy risk loci, 16 of which had not been previously identified. The 

GWAS consists of 29,944 cases and 52,538 controls, which is a great increase in sample size 

since the first ILAE epilepsy GWAS in 2014 with 8,696 cases and 26,157 controls. This 

GWAS compared Genetic Generalized Epilepsy (GGE), and Focal epilepsy independently as 

well as all epilepsies. The results of this GWAS showed different genetic architecture 

between focal and generalized forms of epilepsy. Some genes such SCN1A, have been 

implicated in through GWAS to be contributing to genetic susceptibility of common epilepsy 

as well as monogenic (33). GWAS analysis can be summarized into GWAS summary 
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statistics which can more readily used in downstream analysis. As well as identifying risk 

loci, GWAS summary statistics are also a powerful tool which allow for secondary 

downstream analysis methods such as LD (Linkage Disequilibrium) score regression, 

mendelian randomization (MR) , and colocalization (34).  

Substantial advancement in technology and methodology has allowed for the identification of 

>500 genes associated with epilepsy and seizures, and ongoing research efforts continue to 

uncover more genes (35). Despite the discovery of a large number of epilepsy genes, our 

current understanding of the genetic architecture of epilepsy is still poor, with the more 

common forms thought to be polygenic with contributions from both common and rare 

variants. It is important to consider the contribution of both rare and common epilepsy 

variants to find convergent mechanism which contribute to the underlying biology (36). 

A better understanding of the genetic architecture of epilepsy including a more complete 

picture of all the genetic risk factors would likely lead to better treatment choices through 

more personalized approaches, and targeted therapies as well as improving diagnosis and 

prevention strategies. 

 

1.1.4 Treatment and Drugs 

Many patients with epilepsy are able to live seizure free with the appropriate anti-seizure 

medication. Anti-Seizure Medications (ASMs) are usually the first line of treatment for 

patients with epilepsy, but as well as drugs epilepsy treatment may also include surgery, 

dietary control, or neurostimulation devices. The type of treatment prescribed is dependent on 

the type of epilepsy, the severity and frequency of seizures and the individuals overall health. 

ASMs work by controlling the symptoms of epilepsy and suppressing seizures, generally by 

stabilizing excitability. These aim to improve the quality of life of patients and minimise 

adverse side effects of the disease, however they are unable to prevent or cure the disease. 
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Traditional ASM discovery focuses on a limited number of targets that do not encapsulate the 

biological complexity of the disease (37–39). These usually work by stabilizing the abnormal 

electrical impulses in the brain, by targeting ion channels and modulating the flow of ions or 

synaptic neurotransmitter release, and do not target the underlying pathogenic mechanisms. 

Additionally, there are many ASMs where the mechanism of action is still not known, even 

after decades of clinical use. This means important aspects of the disease might not be fully 

considered. Often a combination of ASMs is needed to adequately control seizures (40,41). 

Despite the number of drugs available to surpass seizures in epilepsy, 1 in 3 patients have 

seizures that are resistant to treatment. This means that medications are unable to keep 

seizures under control. Drug-resistant epilepsy, also called refractory epilepsy imposes a 

substantial disease burden and highlights an urgent need for the development of novel 

epilepsy drugs. In order to advance the development of effective treatment, a broader range of 

therapeutic targets is needed that better encapsulates more aspects of the disease. The 

considerable genetic and phenotypic heterogeneity associated with epilepsy, means the 

pathophysiology of epilepsy is still insufficiently understood. This makes discovering new 

drug targets that are contributing to the disease, a highly challenging process. This gap in the 

knowledge that makes it difficult to develop suitable treatments that can effectively modify 

the disease without disrupting normal brain function. By expanding our understanding of the 

molecular pathways and interactions that cause epilepsy, we can find more targeted and 

transformative therapeutic approaches (41,42).  

 

There have been considerable efforts to explain the drug resistant phenotype in epilepsy, 

however these insights have generally not been translatable to the clinic. Translating 

biological insights into clinical practice requires a good understanding of disease-causing 
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genes, variants and the cell-types through which these are acting, as well as a better 

understanding of mechanisms and pathways (43).  

 

The usual process of drug discovery involves many stages. The first step is to identify a target 

– this is a molecule that plays an important role in reducing seizures or modulating disease. 

Examples of common drug targets are ion channels, receptors, and enzymes. After a target 

has been identified, a chemical compound must be identified that can modify the activity of 

the target. This is often done thought high throughput screening (HTS), using in-vitro assays, 

animal models or virtual computer-based methods (44). The chosen compounds are then 

optimized for their pharmokinetic and safety profiles, to look out for any potential side 

effects and improve potency. These compounds then undergo preclinical and clinical testing 

to assess safety, and efficacy. This can involve testing the candidate drugs in animal models 

to evaluate their ability to prevent seizures, to assess their dosage requirements, and uncover 

potential adverse effects. The clinical trials involve testing the compound in humans. They 

consist of Phase 1, Phase 2 and Phase 3 trials. These are assessed, in a staged manner, for 

safety, dosage, pharmacokinetics, and potential side effects. If the compound is successful in 

Phase 3, it can then gain regulatory approval. This process is extremely long and expensive 

and it can take many years for a drug to be approved. Very few drugs make it all the way 

from preclinical proof-of-concept to regulatory approval making individual drugs generally 

including ASMs very expensive to develop (45).  

 

1.1.5 Subtypes of Epilepsy 

This thesis will focus on two types of epilepsy: Temporal Lobe Epilepsy (TLE) and Focal 

Cortical Dysplasia (FCD). 
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1.1.5.1 Temporal Lobe Epilepsy (TLE) 

TLE is the most common form of focal epilepsy and affects 1/5th patients with epilepsy. TLE 

arising from the amygdala and/or hippocampus is known as mesial temporal lobe epilepsy 

(mTLE) and when it is associated with atrophy and scarring of the mesial temporal structures 

it is referred to as mTLE with hippocampus sclerosis (MTLE-HS). MTLE-HS is also the 

most common form of drug refractory epilepsy and the most frequent pathological 

abnormality seen in focal drug refractory epilepsy. The structural and neuronal loss of 

neurons in the hippocampus seen in MTLE-HS, is the result of a shrunken hippocampus and 

gliosis. The exact cause of MTLE-HS is poorly understood, and is likely heterogeneous. 

Approximately one half of cases will have a prior history of complex febrile seizures in 

childhood, suggesting that for some there is an initiating insult leading to long-term changes 

that eventually manifest as adult TLE (46). While TLE is considered a focal epilepsy as it 

originates in a specific area within the brain, some individuals experience secondary 

generalisation of seizures which means they can spread to involve the whole brain (so called 

focal to generalized tonic clonic attacks) (47). TLE can occur as a result of many factors 

including genetic predisposition, brain injury, infection and neurological conditions.  

1.1.5.2 Focal Cortical Dysplasia (FCD) 

Focal cortical dysplasia is a developmental disorder characterized by structural 

malformations in the cortex. These malformations disrupt normal brain function and cause 

seizures. It is one of the most common causes of refractory epilepsy, particularly in children. 

The underlying molecular mechanism of FCD were poorly understood until relatively 

recently, where it has been linked to dysregulation in the mTOR pathway (48). A key 

pathological feature of FCD is dysplastic neurons. These are neurons which undergo 

abnormal development and organization in a specific region of the brain, typically the cortex. 

These neurones do not migrate properly during development and are found in disorganized 
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locations. They also show abnormal morphology and functional abnormalities which can 

contribute to seizure development. They may also show altered gene expression signatures 

however there is ongoing research in the field to uncover the mechanisms in which they 

develop and how they contribute to progression of FCD (49). 

 

1.1.6 Modelling Epilepsy 

Mouse models have been a key part of epilepsy research by advancing our understanding of 

the disease and by facilitating the development of new treatment, through providing insight 

into the mechanisms that underpin epilepsy. While they may not fully replicate the 

complexity of the disease, the seizures that mice exhibit are very similar to human seizures, 

and the pathways and genes involved are highly conserved (50). Mice are particularly 

advantageous to genetic studies as they are easy to manipulate genetically and allow for 

standardised experiments. They provide a valuable platform for assessing the effects of 

interventions on seizure frequency, duration, and severity. Additionally, they provide a tool to 

study molecular-level mechanisms, neuronal excitability, and abnormal network activity to 

shed light on epilepsy pathophysiology. Several methods can be employed to induce seizures 

in mice, including chemical convulsant, electrical stimulation, or genetic manipulation. They 

provide opportunities to study changes in neuronal excitability, aberrant network activity due 

to similar seizure types and duration. Similarly, to humans, they can experience generalised 

and focal seizures which induce similar symptoms and behaviour such as loss of 

consciousness and muscle contractions. The seizure presentation can also be manipulated by 

researchers allowing for study of a variety of different types of epilepsy (51–53). They also 

allow for easy monitoring through electrocochleography (EEG) and brain imaging to observe 

how seizures affect electrical activity and brain structure. Finally, mice respond to many anti-

seizure drugs in a similar way to humans which allows for testing of the efficacy of drug 
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targets. Not all aspects of human epilepsy can be recapitulated in mice due to differences in 

brain structure and complexity. Mice models do not account for the complex genetic 

backgrounds of humans, and the complexity of seizures seen in humans is far greater. It is 

also challenging to observe the range of symptoms seen in humans, particularly those related 

to cognition and memory. Mouse models are also unlikely to account for the environmental 

factors that may play a role in human epilepsy. Overall, they have been instrumental tools in 

preclinical experiments (52,54). 

 

1.2 Transcriptomics in epilepsy 

The human brain is very complex and is made up of over 100 billion cells that are very 

intricately connected. These cells are highly specialized, diverse, and have distinct 

morphological and functional characteristics. Variation and diversity in the brain arises from 

distinct mechanisms that operate within each cell through gene expression, regulation and 

epigenetic modification of genes (55). The transcriptome encompasses the full complement 

of the transcripts present in a cell and offers a valuable insight to the molecular environment 

of a cell. Diseases arise when the complex interplay between genetics and the environment is 

disrupted. In disease, transcriptomics can provide a snapshot of the molecular landscape by 

showing the actively expressed genes and their abundance and gene expression is a good 

proxy for disease as it can be informative of the underlying processes leading to disease 

pathogenesis. This can facilitate the investigation of the underlying processes which can 

guide the identification targets in drug discovery (56). Transcriptomics has played a key role 

in epilepsy research by helping to identify candidate genes that are associated with epilepsy. 

It has also advanced our understanding of the molecular mechanisms that underlie epilepsy, 

by identifying dysregulated pathways and processes involved in epilepsy and epileptogenesis 
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(36,57–59). It has also been a useful tool in identifying biomarkers for diagnosis that 

correlate with disease severity. 

 

1.2.1 Single-cell RNA-sequencing 

Measuring gene expression has advanced rapidly over time. From using northern blots to 

assess the expression of a single gene, to more high throughput methods like DNA 

microarray and bulk RNA sequencing, where thousands of genes or even the whole genome 

can be simultaneously investigated. The more recent development of single-cell sequencing 

(scRNA-sequencing) technology has revolutionized our understanding of gene expression by 

providing the opportunity to look at the transcriptomic profile of each individual cell, 

highlighting differences in cellular populations that were previously undetected by bulk 

RNA-sequencing. Unlike bulk sequencing where gene expression is measured across 

multiple cells, scRNA-sequencing allows analysis of expression levels for each gene across a 

population of individual cells. This allows us to look at heterogonous cell populations as well 

as small and rare cell populations which could go undetected in analysis of pooled cells. It 

also means subtle but meaningful changes in the same cell-type can be detected (60,61).  

Dissecting the intricate cellular landscape of the brain at a single-cell resolution, allows for 

better characterize the identification of the specific cell-types of the brain and their 

transcriptional profiles, as well as possible disease associated sub populations (Figure 1.2) 

(61–63).  
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Figure 1.2 – Cellular composition of the brain. This figure depicts the key cell-types present 

in the brain including Neurons, Microglia, Oligodendrocytes and Astrocytes. This highlights 

the intricate connections between neurons and glial cell-types of the brain and the complex 

interactions between them. It also emphasises the diversity of cell-types in the brain and the 

need to study transcriptomics at a single-cell level (Image Credit: Ragupathy et 

al.,2023)(64). 

A typical scRNA-sequencing workflow consists of single-cell dissociation, single-cell 

isolation, library construction and sequencing. In the first step, tissue is digested creating a 

single-cell suspension. The cells are then isolated and separately encapsulated within a 

microfluid droplet, along with the reagents required to construct a library. This is the process 

in which mRNA is captured, reverse transcribed and amplified. The droplet includes a unique 

barcode that will label the transcripts belonging to that cell. Reads can be pooled from 

multiple samples and traced back to the samples they came from, while also assigning each 
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mRNA transcript Unique Molecular Identifier (UMI) which allows us to distinguish between 

amplified reads and the absolute transcript count. Brain tissue can present challenges in 

single-cell sequencing as it is often supplied frozen and is not compatible with the methods, 

but neurons are also sensitive cells with long axons that can be easily damaged during 

dissociation, generating an artificial stress response. Some of these issues can be minimized 

by using single-nucleus RNA sequencing, as single nuclei are much easier to isolate and are 

more resistant to the mechanical stress. snRNA-sequencing data detects comparable numbers 

of transcripts as to scRNA-sequencing (98%) and gene expression values are highly 

correlated. The average variability between datasets is also similar. Therefore, this approach 

is often used instead of scRNA-sequencing. The terms single-cell and single-nucleus 

sequencing are often used interchangeably (63,65–68).  

There are multiple platforms that are used for snRNA-sequencing, this project uses 10x 3’ 

RNA-sequencing. This platform is a widely used technology for profiling gene expression in 

individual cells. The platform utilizes a unique approach called "GEMs" (Gel Bead-in-

Emulsion) technology to capture and barcode individual cells. The 10x single-cell RNA-

sequencing platform utilizes a 3' library preparation method, which refers to the capture and 

sequencing of the 3' end of each RNA molecule within the individual cells. A unique 

molecular barcode is added to the 3' end of each cDNA molecule during the reverse 

transcription step. This barcode serves as an identifier for each original RNA molecule and 

allows for the quantification of gene expression levels. Additionally, a unique molecular 

identifier (UMI) is also incorporated into each cDNA molecule to enable the removal of PCR 

duplicates and accurate counting of individual RNA molecules (68). 

 

Single-cell analysis has undergone significant advancements, transitioning from a time-

consuming and labour-intensive process to a faster and more efficient method, which allows 
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for higher throughput, enabling the profiling of a large number of individual cells in a cost-

effective manner. One of the benefits of scRNA-sequencing is that it is a scalable approach 

meaning thousands of gene expression values in hundreds of thousands of cells can be 

measured, from as many individuals. Significant advancements have been made in our 

understanding of brain disease and function due to the advancements in scRNA-sequencing. 

Some notable examples of key discoveries that can be attributed to single-cell sequencing 

include the discover of disease associated microglia in Alzheimer’s disease (69) and the 

characterisation of cell-types and sub types in the brain (70). As well as other discoveries in 

cancer and immune response such as the role of T-cells in cancer (71). In the brain it has 

advanced our knowledge of molecular phenotypes of neurons, as well as glial cells such as 

microglia, astrocytes, oligodendrocytes, and how they contribute to disease. 

 

1.2.2 Cell-types in epilepsy  

Seizures, characterized by abnormal and excessive neuronal activity, are believed to arise 

from hyperexcitability in the brain. This hyperexcitability can stem from various factors, 

including dysfunctions in ion channels that regulate neuronal firing, imbalances in 

neurotransmitter levels, synaptic abnormalities, and disrupted signalling pathways. While 

research on epilepsy has predominantly focused on neurons, the involvement of glial cell-

types remains poorly understood, particularly at the transcriptional level. Given the intricate 

network of interconnected cell-types within the brain, it is highly likely that the development 

and maintenance of epilepsy (epileptogenesis) and the generation of recurrent seizures 

(ictogenesis) involves the contribution of multiple cell-types (72). Understanding the 

heterogeneity and functional roles of different cell-types is crucial for unravelling the 

underlying mechanisms of epilepsy and identifying potential therapeutic targets.  
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The role of glial cells, such as astrocytes, oligodendrocytes, and microglia, is increasingly 

recognized in modulating neuronal function and maintaining brain homeostasis. These glial 

cells are likely to contribute to epileptogenesis through their involvement in processes such as 

inflammatory responses, synaptic transmission, and regulation of ion concentrations, all 

which could be influencing epileptic activity. Astrocytes, for example, exhibit increased 

expression of glial fibrillary acidic protein (GFAP) and adapt to handle extracellular 

potassium overload. They can sense and respond to alterations in the extracellular 

microenvironment through signalling via neurotransmitter receptors. This ability allows them 

to modulate the immune response under pathological conditions associated with astrocytic 

gliosis (73). Microglia, on the other hand, have phagocytic functions and play a role in the 

regulation of inflammatory and immune responses. They survey the microenvironment for 

changes in signalling, pathogens, and injury, and can modulate synapse formation, 

elimination, and function. In the context of various neurological diseases, including epilepsy, 

microglia can be targeted by inflammatory molecules and cytokines (74). 

The complex interactions between neurons, glial cells, and other cell-types with their distinct 

gene expression profiles and functions need to be comprehensively understood to decipher 

the mechanisms underlying epilepsy and identify potential therapeutic interventions (75,76). 

 

1.3 Aims 

Despite recent advances in our understanding of the genetic contributions to epilepsy, and 

past work on bulk brain tissue gene expression analyses, there are still significant gaps in our 

knowledge of the molecular and cellular processes underpinning chronic focal epilepsy. Yet, 

understanding the disease is crucial for the development of novel, mechanistically focussed 

disease-modifying therapies. The overarching aim of this thesis is therefore to increase the 

understanding of cell-types and pathways involved in epilepsy as well as highlight potential 
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gene candidates for drug targeting. By using single-cell sequencing of a variety of brain 

tissue samples from both human epilepsy and mouse models of epilepsy from different brain 

regions and across different types of epilepsy, this study aims to find commonalities and 

differences between species and epilepsy types that might point to convergent mechanisms of 

epilepsy that could be targeted for new therapy development.  

 

The underlying hypothesis of this work therefore is that different focal epilepsies share 

convergent genes, pathways and/or cell-types. Through the analysis of cellular transcriptomes 

from snRNA-sequencing of epileptic mice and human epilepsy patients, this thesis aims to 

identify the convergent mechanisms that are perturbed in epilepsy. By integrating genetic 

data, the aim is to better elucidate disease-causing cell genes and pathways, and the cell-types 

through which they are acting. This increased understanding can help to facilitate the 

development of new therapeutic strategies that can improve the lives of people with epilepsy. 

 

This project builds upon EpiNET1 and EpiNET2 (18,36), previous collaborations with UCB, 

that have focused on identifying gene expression signatures from bulk brain tissue samples 

derived primarily from the pilocarpine mouse model of TLE.. In the previous work, gene 

regulatory networks were built based on known interactions between transcription factors and 

their target genes and using co-expression analyses. These analyses identified sets of co-

expressed genes that were largely cell-type specific and were used to optimize drug target 

identification using a framework that searched for common points of genetic regulation for 

the co-expressed gene set. Here, this work acts as an extension to these analyses by directly 

identifying cell-type specific gene expression profiles using snRNA-sequencing data and 

integrate these transcriptional profiles with genetic risk data to identify disease-context 

specific molecular pathways and cell-types that might be targeted therapeutically. This study 
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will use a broad range of bioinformatic tools and data-driven methodology to drive the 

identification of cell-type specific gene expression signatures and pathways involved in 

epilepsy. 

 

1.3.1 Thesis outline 

 The specific objectives of this thesis are: 

1. Optimise a developed pipeline for the analysis of large-scale snRNA-sequencing 

experiments, using a robust framework to efficiently process and analyse large 

amounts of data. This pipeline will enable the identification of meaningful insights 

from the transcriptomic profiles of individual cells. (Chapter 2) 

2. Using snRNA-sequencing data from 3 mouse models of epilepsy, identify cell-type 

and disease specific differential expression signatures and pathways in epilepsy. 

Integrate this with genetic data to attribute epilepsy risk to specific cell-types. Use this 

knowledge to predict cell-type specific and disease context specific drug targets for 

disease modification in epilepsy. (Chapter 3) 

3. Integrate results from mouse models of epilepsy with data from human patients with 

TLE and FCD to identify shared molecular signatures and disease mechanisms that 

converge in mouse and human epilepsy. Combine epigenetic data to provide insight 

into the regulation of the gene expression signatures and pathways. (Chapter 4) 

4. Characterize the transcriptomic signatures of dysplastic neurones in focal cortical 

dysplasia in mice in order to find markers that can be applied to human datasets. 

(Chapter 5) 
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1.3.2 Limitations and Future Work 

The focus of this thesis has primarily been on identifying converging genes, pathways, and 

cell-types with the rationale of uncovering shared mechanisms to increase the understanding 

of epilepsy. Finding common pathways and processes across different epilepsies could be an 

important step in enhancing our understanding of the fundamental biology of seizure 

generation and propagation which could lead to the identification of molecular targets 

involved in multiple types of epilepsy.  

While drug-resistant epilepsies are thought to be highly heterogeneous (77), they could also 

potentially share underlying downstream molecular mechanisms. Several studies have 

demonstrated the overlap between the genetics of multiple types of epilepsy, such as 

mutations in ion channel genes like SCN1A (24,25), therefore it is reasonable to assume the 

existence of common underlying mechanisms. All epilepsies involve abnormal neuronal 

excitability and network dysfunction, suggesting that common pathways affecting synaptic 

transmission, plasticity, and neuronal connectivity may underlie different types (78). Similar 

environmental triggers might also lead to the development of epilepsy in the same way. 

Processes such as neuroinflammation, oxidative stress, and blood-brain barrier disruption 

have been implicated in various forms of epilepsy, contributing to neuronal damage and 

hyperexcitability (79–81). The efficacy of many antiepileptic drugs across multiple epilepsies 

further indicates that they target common mechanisms in seizures (40). Understanding these 

shared mechanisms can aid in developing broad-spectrum treatments, improving diagnostic 

accuracy, and advancing our overall knowledge of epilepsy as a complex neurological 

disorder.   

 

However, one of the main challenges associated with epilepsy is the heterogeneity of the 

disease, related to seizure types, causes, and neurophysiology (34). Epilepsy is often referred 
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to as a collection of diseases, and an alternate hypothesis could be that distinct epilepsies 

arise from divergent molecular pathways given the wide range of genes that are known to 

play a role in epilepsy. Due to variations in etiology, onset, and disease progression, it is also 

likely that different types of epilepsy have distinct mechanisms. The complex inheritance 

patterns, involving multiple genes and gene-environment interactions, also adds another layer 

of complexity. This means the brain may be affected in different ways, leading to varied 

mechanisms of seizure generation.  

 

Additionally, the time of onset of the disease or the time point at which the disease is studied 

could be a significant factor in the underlying mechanisms involved. Epilepsies that begin in 

childhood, such as focal cortical dysplasia (FCD), often have mechanisms rooted in genetic 

or developmental factors (82), whereas those that start in adulthood might be more related to 

neurodegenerative processes (10). Early-stage disease in patients might have disruptions in 

different pathways compared to later stages and chronic epilepsy where the brain may have 

undergone significant changes due to prolonged seizure activity. Nevertheless, there could 

still be convergence in pathways that drive the progression and maintenance of the epileptic 

state. While the time points and models used in this study are limited by tissue availability, 

this consideration should be addressed in future work and interpretation.   

 

scRNAseq is a powerful tool allowing us to explore cellular heterogeneity of disease at a high 

resolution by profiling individual cells and uncovering specific cell populations within tissues 

avoiding the drawbacks of traditional sequencing which detects the average transcript level of 

populations (68). It allows us to study genes and their functional alterations at the single cell 

level and has played a significant role in uncovering cell biology in various fields such as, 

cancer, immunology, and development (69,71,83). This granularity is crucial in a 
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heterogeneous and complex condition like epilepsy, where different neuronal and glial cell 

populations may contribute uniquely to the disease pathology. However, there are still some 

critical limitations that should be addressed when using scRNAseq. 

 

scRNA-seq generates high-dimensional data that contains a significant amount of noise 

which can impact the reliability of the data. Due to the low amount of input material, there is 

a limited sensitivity to detect low abundance RNA and low efficiency means only 10-40% of 

the transcriptome is detected (84). Additionally, the RNA concentration also affects the 

results, with low RNA yield potentially leading to incomplete or biased gene expression 

profiles limiting ability to study the genes expressed at various levels (85). scRNAseq can 

only detect actively transcribed genes, which means that time points and the levels of 

neuronal activity can influence the results. This limitation is particularly relevant in the study 

of epilepsy, where capturing the dynamic nature of gene expression during different stages of 

disease progression or seizure generation would be limited. Neuronal excitability and 

networks changes are dynamic processes which would benefit from the ability to capture 

changes in gene expression over time. The single-cell capture process also often disrupts 

cells. Particularly in tissues like the brain which are difficult to dissociate, the preparation of 

single nuclei can disrupt cellular integrity and alter cell activity, potentially introducing 

artifacts that do not reflect the true in vivo state of the cells and adding to the noise (86). 

 

Additionally, in this study we use 3’ based sequencing protocols which can lead to bias where 

only the 3’ end of the transcripts are sequenced so we may miss information about the full 

length of the molecule(87). Important regions such as the 5' end, coding sequence, and 

potential splice variants may not be fully captured and you can’t consider alternative splicing 

and isoform information which may be helpful in understanding gene function. As 
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sequencing relies on the presence of poly(A) tails, non-polyadenylated RNAs (such as some 

histone mRNAs and certain non-coding RNAs) may be underrepresented or missed. This is 

relevant to epilepsy as isoform alternative splicing and isoform diversity play critical roles. 

Furthermore, as single-nuclei RNA-seq is used in this study as an alternative to scRNAseq, 

we may miss cytoplasmic RNAs, which are crucial for understanding neuronal function and 

disease mechanisms. This can lead to an incomplete picture of gene expression, especially for 

genes with significant post-transcriptional regulation or those predominantly expressed in the 

cytoplasm. In the context of epilepsy, mitochondrial genes play many roles in various cellular 

processes, including oxidative stress regulation and calcium homeostasis. Disruptions in 

mitochondrial genes could significantly contribute to the pathophysiology of epilepsy. 

Therefor it would be useful to also consider the interplay between mitochondrial and nuclear 

genes in understanding and addressing epileptic disorders (88). 

 

Finally, in scRNA-seq the spatial context of a single cell is lost, this can result in a significant 

loss of important information about the microenvironment and cell-cell interactions. This loss 

of spatial context can limit our understanding of how cells function within their native 

environment, particularly in epilepsy, where the organization and interaction of neurons and 

glial cells within specific brain regions are critical. Therefore, while scRNA-seq provides 

valuable insights into the molecular characteristics of individual cells, it is essential to 

consider these limitations and complement scRNA-seq studies with additional experimental 

approaches. 

 

Epilepsy is a disease characterized by electrophysiological signatures and network disruption. 

These electrical impulses, and spikes that are characteristic of seizure activity and are usually 

detected by techniques such as EEGs. While this cannot be measured with transcriptomic 
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data, it may give insight into the processes which regulate it (89). Integrating scRNAseq data 

with electrophysiological recordings could also help correlate gene expression profiles with 

functional outcomes, offering an insight into the gene expression signatures associated with 

specific electrophysiological states, and a view of the disease mechanisms at both the cellular 

and network levels. Correlations could help look at specific gene expression patterns in 

relation to rates, synaptic strength and offer a better understanding of how genetic and 

molecular changes manifest. Seizure frequency data was not available for these mice but in 

future should be used. Despite these challenges, scRNAseq can still be useful in reveal cell-

type-specific changes in gene expression that underlie the abnormal neuronal excitability and 

mapping these molecular changes provides insights into the cellular basis of 

electrophysiological abnormalities. 
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Chapter 2 

Methods and Pipeline Optimisation 

2.1 Introduction 

Single-cell sequencing (scRNA-sequencing) is a rapidly evolving tool that has become an 

increasingly critical in the study of disease. The complexity of biological tissue arises due to 

the unique and diverse cellular landscape within it, and assaying gene expression at a single-

cell level allows for the investigation of heterogeneity between cells in a wide range of 

tissues and diseases (68). The decreasing cost of single-cell sequencing since its inception, 

has allowed this technology to become more widely accessible and frequently used. To date 

there are over 1,000 single-cell transcriptomic datasets published (90). Despite the rapid 

progress in technology, there are elements of single-cell studies, particularly in the analysis of 

the data, that remain challenging (91).  

Properly processing and interpreting the data from single-cell experiments is vital. Given the 

sheer volume and granularity of the data generated by scRNA-sequencing, well developed 

workflows are essential for managing it. Since the surge in popularity, numerous 

bioinformatics tools have emerged that are specialised for different parts of the workflow. For 

this reason, it can be challenging to decide on the most appropriate tool, and the choice often 

relies on the dataset at hand. These pipelines encompass various steps from quality control, 

alignment, and normalization to more advanced analyses such as clustering, differential 

expression analysis, and trajectory inference. There are many challenges associated with the 

analysis of single-cell data, particularly in the processing of the datasets and application of 

the downstream analysis. As the best methods to use have not been universally decided 

across the field, and the this can be dependent on the tissue biology. Some key challenges 
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include; technical variability, sequencing depth, batch effect, dataset size and complexity 

(65).  

 

2.1.1 Computational Analysis 

As single-cell assays become more readily available, the effectiveness of their use is highly 

dependent on the ability to interpret and extract information from the data generated. The 

quality of computational and statistical methodologies plays an important role in extracting 

meaning from the data. As the field grows, and the number of tools available to analyse 

single-cell data grows. There are currently over 1,400 tools available to analyse single-cell 

data, these are catalogued in the scRNA-tools database (92,93) . For this reason, it has 

become increasingly difficult to navigate the single-cell analysis landscape and find the most 

suitable tools for a given study. While there have been efforts to benchmark some analysis 

such as clustering and integration (94–96), these methods can often be dataset specific and 

not perform consistently. Given the expanding scale of transcriptomic dataset, it is important 

to use workflows that ensure efficiency, reliability, and reproducibility. These pipelines 

should be applicable to multiple datasets and replicable with ease.  

 

While computational methods can differ in terms of the statistical models applied, and how 

the data is represented, they largely encompass the same steps. The main steps involved in 

single-cell data processing include; data correction, quality control, normalization, feature 

selection, dimensionality reduction, integration, clustering, and visualisation.  

As well as optimising analysis methods based on specific datasets, it is also important to 

adapt pipelines as new learnings and methodologies emerge. As the field has developed, new 

insights into the technology have arisen which present more accurate and refined ways to deal 
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with the data. This involves a deeper understanding of single-cell datasets and how the 

experimental technology impacts the interpretation (67,97). 

 

2.1.1 Aims 

This chapter will describe the analytical pipeline used to generate and analyse the single-cell 

datasets used in this thesis (Figure 2.1), and describe the packages and parameters that were 

used to perform the bioinformatic analysis in the following chapters.  

This chapter will also highlight some key challenges that were faced in the development and 

optimisation of this pipeline and discuss how they impact the results. This will focus on 

methods that are not standardised across the field and where there is no clear consensus on 

how the analysis should be performed. This chapter will discuss two key and persisting 

challenges of single-cell analysis by summarising the previous approaches and how they’ve 

changed through the course of this study.  

These include; 

2.1.1.1 Ambient RNA correction 

Droplet based RNA-sequencing techniques have been shown to contain high levels of 

ambient RNA. This occurs when mRNA from cells which have been broken in the 

dissociation process, get released into the cell suspension causing contamination in other 

cells. It has been recently shown that this contamination can skew results and cause 

misinterpretation of analysis (98).  

2.1.1.2 Differential Expression 

In single-cell analysis, commonly used techniques for performing differential expression 

analysis have involved using individual cells replicates in the test,  

which can introduce a high rate of false positive results. This is because cells from the same 

samples are correlated (99).  



 

 

 47 

 

 

Figure 2.1 – Overview of the single-cell sequencing data processing pipeline. This illustrates 

the steps involved in processing scRNA-sequencing data from alignment to downstream 

analysis. 
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2.2 Methods 

The snRNA-sequencing datasets used in the following chapters (Chapters 3&4) have been 

processed using this optimized pipeline. Following tissue sectioning (performed by UCB 

Pharma, the Imperial Brain Bank and the UCL Brain Bank), nuclei isolation was performed 

by Hun Jeong and Daniel Clode, technicians at Imperial College London. The following 

section describes the experimental protocol and the methodologies that were used in the 

analytical pipeline. 

 

2.2.1 Experimental Protocol  

Single-nucleus RNA-sequencing is designed to capture and analyse the gene expression of 

individual cells. The protocol begins with single-cell nuclei isolation and fixation which in 

this study was performed following the Krishnaswami et al protocol (100). The tissue is first 

homogenised, filtered and then centrifuged. A sucrose density gradient is prepared, with 

centrifugation to clean up the solution. This is followed by a series of washing steps and 

finally cells are counted before the 10x Genomics is used. This begins with the 

permeabilization of cells to allow enzymes and reagents to access the RNA transcripts. Next 

a single-cell suspension is prepared, cells are counted, and their viability is assessed using 

imaging. More details on the reagents used can be found in Chapter 3. 

Following nuclei isolation and fixation, the 10x Genomics Chromium Next GEM Single-cell 

3’ Protocol (chemistry: Single-cell 3′ v2) is used. This involves 4 key steps; GEM Generation 

and Barcoding, Post GEM-RT Cleanup & cDNA Amplification, 3’ Gene Expression Library 

Construction and finally sequencing. The chromium controller is first used to partition cells 

into Gel Bead-in-emulsion (GEMs) (Figure 2.2a). Each Gel Bead contains an Illumina 

TruSeq Read 1 primer, a 16 nt 10x Barcode to identify each cell, a 12 nt Unique Molecular 

Identifier (UMI) to quantify the number of mRNA molecules, and a 30 nt poly(dT) sequence 
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to capture poly-adenylated mRNA (Figure 2.2b). These GEMs also contain enzymes which 

facilitate the lysis of cells and release of mRNA. This is then reverse transcribed into cDNA, 

barcoded for cell identification, amplified, and prepared into a sequencing library.  

 

 

 

 

 

 

 

 

Figure 2.2 – Diagrams of the 10x Chromium Next GEM workflow. a) This illustrates the 

process of isolating single-cell within Gel Beads-in-emulsion (GEMs), which are formed by 

encapsulating barcoded gel beads and cells on the Next GEM chip. b) The barcodes are 

present within a gel bead which contains primers for amplification and unique barcodes for 

cell identification. c) Final library for single-cell RNA-sequencing; the UMI identifier + cell 

barcode are 28bp in total. This is followed by a 90bpcDNA insert. 

 

Following reverse transcription, GEMs are broken and the first-strand cDNA is purified using  

Silane magnetic beads, followed by another round of PCR amplification to generate sufficient 

material for library construction. Next, cDNA us fragmented and selected by size (300-

400bp) to optimise amplification capacity, Illumina-compatible sequencing adaptors are 

added through End Repair, A-tailing, and Adapter Ligation. P5, P7 and sample index 

adaptors and TruSeq Read 2 primers are also added. As the 3’ assay is used the 10x libraries 

that are amplified in the final library represent the 3’ end of the transcript which is where the 

c 

b a 
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10x Barcode and Illumina Read 2 adaptor are ligated. Libraries are then assessed using 

Bioanalyzer and qPCR to guarantee the integrity of the samples for the sequencing. The 

library is then loaded onto an Illumina sequencer and sequencing is carried out using the 

Illumina NovaSeq 6000 system. The libraries consist of dual-indexed paired-end reads that 

start and end with P5 and P7 sequences. The 16bp 10x Barcode and 12bp UMI are located on 

Read 1 which allows for the identification and quantification of transcripts from individual 

cells. Read 2 is the cDNA fragment which the cell-type specific mRNA fragment. The i7 and 

i5 sequences are incorporated for sample identification during sequencing (Figure 1c).  

 

2.2.2 Mapping 

Once the prepared libraries have been sequenced, the outputted binary base call files (BCL) 

files are converted to FASTQ files using the Cell Ranger base calling software 

(SourceBioscience). The raw FASTQ files are then assessed for preliminary quality control 

metrics such as per-base sequence quality, per-sequence quality, per-base GC content, 

sequence length distribution and adapter content using FASTQC (101). This is because the 

accuracy of the downstream analysis is reliant on the quality of the input sequencing data. 

Following quality control checks, the reads are mapped to a reference genome or 

transcriptome using the 10x Software Cell Ranger (102). Cell Ranger is a tool designed by 

10x Genomics to map single-cell data to the genome to produce gene expression matrices 

(http://software.10xgenomics.com/single-cell/overview/welcome.) It uses STAR, a splicing 

aware software that was developed for bulk data (103). Reads with the same cell barcode are 

grouped together and counted and reads with the same UMI are collapsed to create a gene by 

cell matrix that quantifies gene expression. 

The reference used to map the samples in these analyses were pre-build and downloaded 

from the 10x website (https://support.10xgenomics.com/single-cell-gene-

http://software.10xgenomics.com/single-cell/overview/welcome
https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest/
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expression/software/downloads/latest/). The latest versions of the references were used: 

GRCh38 for the human dataset and mm10 for the mouse. These use the updated Ensembl 98 

gene annotations (104). The command cellranger count (v5.0.1) is used to quantify barcodes 

with the option the --include-introns which specifies that reads are mapped to intronic as well 

as exonic reads. For single-nucleus sequencing in particular, it is important to account for 

intronic reads as this primarily focuses on nuclear RNA rather than cytoplasmic RNA. 

Nuclear RNA is primarily unspliced pre-mRNA which includes introns. These reads account 

for 20-40% of mapped reads (105).  

The output of mapping is an expression matrix in the sparse matrix format with each column 

representing the expression of a particular cell in a given gene (rows), quantified by UMIs. A 

sparse matrix is one in which most of the entries are zero. Storing data in sparse matrix 

format compresses the expression matrix as it avoids storing the zero values and processes 

only non-zero elements using significantly less memory and computational power. One of the 

major issues with snRNA-sequencing data is the presence of zeros in the expression matrix 

due to low amounts of starting material, despite genes being actively expressed. These zero 

counts are very dominant and account for over half of the entries in an expression matrix, 

which means that the data only captures a small percentage of the actual transcript. This is 

known as the “dropout” rate (106). Reasons for high dropouts rates could be biological, i.e. 

the gene was not expressed in the cell and therefore there are no transcripts, or technical, i.e. 

the gene was expressed but for some reason the transcript was lost prior to or during the 

sequencing. A challenge of this analysis is distinguishing between true biological zeros and 

technical ones. 

One potential approach to address this is expression recovery, where statistical methods are 

employed to impute gene expression values for the data that were not directly observed but 

are estimated based on the rest of the data. This approach has also been found to have 

https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest/
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limitations such introduction of bias and false signals which can mask real biology, and 

therefore it was not used in the subsequent analysis (107). 

 

After transcripts have been mapped to barcodes, cells are called. This is usually done based 

on the number of unique UMIs or genes detected per barcode. This is to determine which 

barcodes represent real cells. A knee plot is a visualization tool used to help in the cell calling 

process. When the number of UMI per barcode is plotted in descending order, a sharp drop or 

“knee” is usually seen in the plot. This is usually used as the cut-off to distinguish between 

real cells (above the knee) and barcodes representing background noise (below the 

knee)(Figure 2.3). This is used to decide which cells are retained for further analysis (108). 

 

  

 

 

 

 

 

 

 

 

Figure 2.3 – Knee plot to show the ranked UMI per barcode in one scRNA-seq sample from 

mouse brain tissue. Cells above the “knee” line are retained for further analysis. 
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2.2.3 Data processing and quality control 

Once an expression matrix is generated; this needs to be refined to remove low-quality or 

damaged cells that are not representative of true biology. Single-cell data can be very noisy 

and contain technical artifacts which mask genuine biological variability, and so it is crucial 

to remove and account for this technical variability while preserving biological variation. The 

first step in quality control is to remove counts from droplets that are either “empty”, 

contaminated by ambient RNA or contain multiple cells (65). 

 

2.2.3.1 Ambient RNA correction 

SnRNA-sequencing involves the isolation of cells or nuclei, followed by encapsulation into 

microfluid droplets containing a unique barcode. When a cell or nuclei gets damaged in the 

isolation process, this causes the release of freely floating mRNA molecules termed “ambient 

RNA”. These molecules can get captured alongside cells or nuclei, leading to those fragments 

being tagged with the same barcode as that cell, and contaminating expression profiles, which 

can cause inaccuracies in downstream analyses (65,98). Droplets which contain only ambient 

RNA can also be mistaken for cells. This can be particularly problematic when mRNA from 

different cell-types are caught in one droplet as it can make it difficult to distinguish between 

cell-types.  

 

CellBender (v0.3.0) (109) is a computational tool that was developed to detect and remove 

contamination from ambient RNA, particularly from droplet based platforms. It uses an 

unsupervised deep generative model to remove systematic background contamination by 

learning the profile of noise counts from the data and predicting counts without the noise. 

This combines a probabilistic model with a deep neural network approach to learn the cell 

landscape. CellBender works by removing counts that are predicted to come from ambient 
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RNA molecules. The CellBender tool can be run on the command line using the command 

cellbender remove-background. It can also be optionally run with the GPU to speed up 

computational time. The input to CellBender is the unfiltered count matrix that is the output 

of mapping. In the analysis of the datasets in this thesis, it was run with the default pipeline, 

which is able to predict values for the parameters used based on the dataset. Quality control 

check were performed to endure the automatically determined priors matched the expected, 

as described in the documentation (https://cellbender.readthedocs.io/en/latest). The output of 

CellBender is a corrected count matrix which can then be used in downstream analysis. 

 

2.2.3.2 Doublet Correction 

Other technical artifacts that need to be corrected for are Doublets (or Multiplets). This refers 

to instances in the experimental protocol where two or more cells are encapsulated together in 

a single droplet. This is problematic as the counts will be sequenced as one cell and can 

confound the analysis, particularly when two heterogenous cell-types are captured together, 

this can lead to a mixed gene expression profile which may be mistaken for a new cell-type 

or state. One way to filter out these artifacts is by removing cells with an unexpectedly high 

UMI count, however there are several more sophisticated tools that have been developed to 

estimate and remove doublets based on their expression profiles. In these analyses, we use 

DoubletFinder (110), a computational tool that is designed to identify and remove doublets 

from snRNA-sequencing expression matrices. Following ambient RNA removal, the 

DoubletFinder package (v2.0.1) is used to remove doublets from the expression matrix. To do 

this, each sample must first be pre-processed through the standard Seurat pipeline which 

includes normalization, variable feature selection, scaling, and dimensionality reduction. 

DoubletFinder works by first generating simulated doublets and merging them with the 

snRNA-sequencing data that has been pre-processed in Seurat. It then estimated which of the 

https://cellbender.readthedocs.io/en/latest
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real cells have a high number of simulated cells as neighbors in the gene expression space. To 

run doublet finder, first the number of significant PCs must be calculated, and the optimal pK 

value needs to estimate based on the data. The pK value is the neighborhood size and requires 

the input of a pN value to be calculated. This is value defines the number of generated 

artificial doublets and should be based on an expected percentage based on observation. In 

snRNA-sequencing brain datasets, the previously observed Doublet proportion in the brain 

can be up to 7% (110), therefor this value was used to run DoubletFinder in the subsequent 

analyses.  

 

2.2.3.3 Additional filtering 

Further filtering steps are carried out to the gene x cell count matrix to remove low quality 

nuclei and uninformative genes that contribute to noise. Low quality cells are those which 

cannot be reliably included in the data and may not give meaningful insights. These may 

reflect technical artifacts rather than true biological results. There are a number of criteria 

used to determine these cells and the steps involve filtering of genes and filtering of cells 

based on several metrics such as number of UMI per cell, genes per cell and mitochondrial 

percentage. 

First, the percentage of mitochondrial genes per cell is calculated and those with a high 

mitochondrial percentage are removed. This metric indicates the number of genes that are 

mapping to the mitochondrial genome for each nuclei. A high mitochondrial percentage is an 

indicator of a stressed or damaged cell that is in the process of dying and are therefore would 

provide low quality data. Secondly, as this is a single-nucleus protocol, we should not see any 

mitochondrial genes in the count matrices as these are cytoplasmic, however it is not 

uncommon to detect mitochondrial genes in snRNA-sequencing datasets as fragments of 

cytoplasm can be carries along in the experimental process and they can also be an indication 
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of contamination (111). The function PercentageFeatureSet() in Seurat is used to calculate the 

percentage of counts from a set of provided features. In these studies, a threshold of 5% 

mitochondrial content is used to filter cells and any cells above that are excluded. This was 

optimized based on visualization the data distribution as well as guidance from previous 

studies (Figure 2.4) (112).  

Cells are also filtered based on their UMI counts, as cells with especially high or low counts 

are likely to be outliers which are attributed to empty drops or doublets or poor-quality cells. 

To determine the thresholds, violin plots are used to visualize the data distribution and select 

appropriate thresholds (Figure 2.4). We also apply gene filtering to remove those with sparse 

expression and are detected in only a handful of cells. These genes typically do not offer any 

additional information to the analysis and only contribute to noise in the dataset. In these 

studies, the thresholds used were nCount_RNA < 25000, nFeature_RNA < 7500 and mtPer 

<= 5. 

 

 

 

 

 

 

 

 

 

Figure 2.4 – Violin plots showing the distribution of a) Number of counts per cell b) Number 

of features per cell and c) Mitochondrial percentage per cell in one sample before filtering. 

These plots were used to determine the filtering thresholds for downstream analysis. 

a b c 
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2.2.4 Normalisation 

Following filtering, the count matrices of all samples are merged to form one unified count 

matrix. Due to the variability in the data, sequencing depths can differ, and data needs to be 

adjusted for differences that may have arisen solely because of sampling effect. This ensures 

that cells can be compared directly despite the differences in depth. Normalization helps to 

mitigate noise arising from technical variation and allows cells and samples to be more easily 

compared. Highly expressed genes often dominate the datasets, and normalization ensures 

genes can be compared by expression pattern rather than just absolute count (113,114) Data 

is normalized in LIGER (v1.0.0) (115) using the function normalize() to account for total 

gene expression across a cell. The LIGER function selectGenes() is then used to identify a 

subset of highly variable genes which are most representative of the biological variance in the 

dataset. Genes that are consistently expressed across cell-types are not as informative in the 

downstream analysis. The function identifies genes with a variance above a given variance 

threshold, based on the assumption of a Poisson distribution. Finally, the data is scaled using 

the function scaleNotCenter() to ensure that each gene has the same variance across samples.  

 

2.2.5 Data Integration  

Single-cell data that comes from multiple samples needs to be corrected for batch effect. This 

is because each sample may have technical variation that is unrelated to the underlying 

biological variation. Datasets produced under different sequencing conditions result in 

differences due to the experimental condition. This can cause spurious differences in the 

datasets that are not due to the biology, and make integrating samples difficult. The number 

of published datasets means that data integration problem is at the forefront of problems in 

single-cell analyses. Being able to use these pre-existing datasets can yield new information 

long after they have been published. There are many integration tools that have been 
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published to standardize datasets, and there are a number of benchmarking studies that have 

bene published showing that different datasets require different methods of integration (94). 

As well as data integration, we also need to account for batch effect. These are often 

attributed to differences in reagents, sample handling, processing times and equipment. 

Sequencing differences such as lanes, read depth, different flow cells, and read length can 

also cause discrepancies. These technical discrepancies can hide biological differences, 

leading to incorrect interpretations (114). To date there are >50 data integration methods 

available (93). It can be difficult to choose a method as these are often dataset specific. There 

are several benchmarking studies that have been done to facilitate and guide to a choice of 

method (65,93,94,116). These are helpful but the choice is often subjective.  

In this study as well as multiple samples from the same condition being combined, samples 

from different conditions, epilepsy models and brain regions were all combined on a joint 

graph in order to find common cells. Combining datasets increases the power of the analyses 

to detect cell-types that are shared across samples. As these samples have been handled in 

distinct groups, integration of these datasets is essential to ensure they can be compared 

effectively (117). LIGER uses non-negative matrix factorization on the normalized and 

scaled datasets to adjust for unwanted variation. This identifies shared factors by 

summarizing the data as a set of metagenes (factors) and transforms the dataset in a low 

dimensional space to capture ethe primary sources of variation. These factors are identified 

which are unique to each dataset and shared across datasets. The shared factors are then 

aligned using canonical correlation analysis (CCA) to create a common factor space. This 

allows cells from different datasets to be compared directly. This is an iterative process to 

optimize the accuracy. This involves aligning the data across experiments, removing batch 

effects, and integrating the data into a single dataset. First k, which is the number of matrix 

factors is calculated. This is a kind of dimensionally reduction similar to PCs in a dataset. 
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This value can be optimized for each dataset. K was optimized separately for both mouse and 

human datasets but k=30 in both cases. Next there is a quantile normalization step using the 

quantile_norm() function which uses dataset, factor and cluster quantiles to fully integrate the 

data. This produces joint clustering and dimensionality reduction of the integrated datasets 

which can be used directly for downstream analyses (94,115) 

 

2.2.6 Clustering 

Clustering is a key step in the analysis of single-cell data, which groups cells with similar 

gene expression profiles into clusters. This grouping is essential for uncovering cellular 

heterogeneity and understanding the biological functions of the cells involved in the tissues 

being studies. To classify the cells into distinct groups based on their gene expression 

profiles, clustering algorithms can be used. There are a number of clustering algorithms 

available for single-cell data and the choice of algorithm and parameters can depend on 

dataset (65). This choice, particularly the resolution, can greatly impact the outcome of the 

clustering. Choosing a resolution that is too high may split one cell-type into multiple 

clusters, but a low resolution may not distinguish distinct cell-types and merge them into a 

single cluster. In this study, as the focus was on investigating major cell-type rather than 

subtypes, a lower resolution was chosen (res=0.3). This was also optimized by the ability to 

discriminate between cell-types and how clearly, they could be segregated. The Louvain 

clustering algorithm (118) was used due to its ability detect communities using a completely 

unsupervised approach with no prior assumptions needed, as well as its computational 

efficiency. This graph-based clustering method uses community detection within large 

networks., by representing cells as nodes where the edges between the nodes represent the 

similarity in gene expression profiles between cells. The algorithm seeks to quantify the 

density of edges within communities in comparison to the edges between communities. It 
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first looks for small communities by optimizing the density of the edges, and then aggregates 

nodes from the same community to build a new network, and this is repeated iteratively. 

Once the graph is constructed the algorithm identifies communities of cells based on similar 

expression profiles. Louvain clustering was implemented within LIGER using res=0.3 and 

otherwise default parameters.  

 

2.2.7 Dimensionality Reduction 

To effectively visualize single-cell data, dimensionality reduction techniques are first applied 

to facilitate the interpretation of the inherently high-dimensional datasets into a more 

comprehensible form. The high dimensionality caused by the large number of genes, can be 

difficult to interpret and obscure meaningful patterns so the data needs to first be simplified. 

When transferring high-dimensional data to a low dimensional space, it is essential to 

preserve as much of the relevant data structure as possible. Several methods can be used to 

reduce dimensionality for visualization including principal component analysis (PCA)(119) 

or t-distributed stochastic neighbor embedding (t-SNE)(120), and Uniform Manifold 

Projection (UMAP)(121). PCA (Principal Component Analysis) is usually the first step and 

condenses the data to a set of principle components that capture the primary variance in the 

dataset. UMAP and tSNE are then applied to reduce the data while preserving the intrinsic 

structure.  

In this study, UMAP is used due to its robust ability to capture the underlying topological 

structure of the data. For each data point the algorithm identifies neighboring points similarly 

to nearest neighbors algorithms. These connections create a weighted graph, which 

emphasize the preservation of global structure. The graph is then constructed by representing 

the data in a low-dimensional space. Key parameters include; the number of neighbors each 
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point is connected to and minimum distance which controls how compacted the UMAP 

points are. These parameters were optimized according to the specific data used.  

UMAP was selected over t-SNE as it has the advantage of preserving and maintaining 

relative distances between clusters, which mean the embedding can be more interpretable. 

Visualizing the data on a graph is important as it allows us to explore the underlying 

biological data and reveal patterns and trends that are integral to understanding the complex 

structure of brain tissue (122). Figure 2.5 shows a UMAP with the adjusted parameters 

n_neighbors=20 and min_dist=0.3. n_neighbors specifies the number of points used in 

estimating the local manifold structure and min_dist controls how tightly points are 

compressed in the embeddings. 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.5 – UMAP to show the clustering of samples from one mouse model of epilepsy 

using the parameters n_neighbors=20, min_dist=0.3.  
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2.2.8 Cell-type Annotation 

To assign specific cell identities to clusters, cluster specific markers were first identified 

using the Seurat function FindAllMarkers(). This applies a Wilcoxon rank sum test to identify 

uniquely differentially expressed genes (DEGs) between clusters. The parameters min.pct = 

0.25 and logfc.threshold = 0.25 are used to restrict the analysis to only genes detected in 25% 

of cells, and only genes with a minimum log fold change of 0.25 log respectively. In addition, 

a false discovery rate (FDR) threshold of <1% was used to determine significance, and only 

positively DEGs are considered markers. Following the identification of DEGs for each 

cluster, a Fisher’s exact test was conducted to assess the enrichment of known cell-type 

marker genes within the cluster specific markers (70,112). Cell-type annotations were 

assigned based the most significantly enriched set of marker genes. The set of marker genes 

used in this analysis were derived from two human single-cell datasets by Wang et al. 

(68,123,124). Verification of cell-type assignment was performed by visualising a heatmap of 

canonical cell-type marker genes, confirming their expression profiles within respective 

clusters. The canonical markers were as follows: Excitatory Neurons: SLC17A7, SATB2, 

VIP, LAMP5, Inhibitory Neurons: GAD1, GAD2, SOX6, PVALB; Astrocytes: AQP4, GJB6, 

FGFR3; Microglia: CTSS, C1QB, CSF1R; Oligodendrocyte Precursor Cells (OPC): CSPG4, 

PDGFRA, VCAN; Oligodendrocytes: MAG, MOG; Pericytes: PTGDS, ATP1A2, ITIH5, 

FLT1, DCN, PDGFRB; Endothelial Cells: ACTA2, KCNJ78, ZEB1. 

 

2.2.9 Differential Expression Analysis 

Differential expression analysis compares gene expression levels between different biological 

conditions or cell-types, aiming to identify genes whose expression levels vary significantly. 

This type of analysis can provide insight into the biological processes underlying cell 

differential and the molecular basis of disease.  
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To perform differential expression analysis, first genes that were expressed in ≤ 5 nuclei were 

first excluded from the analysis, to avoid anomalies due to low expression. Next, count 

matrices were extracted for each cell-type and aggregated per gene by summing values across 

samples to create a “pseudo-bulk” expression matrix. Following this, differential expression 

analysis was performed separately for each cell-type, across pairwise disease group 

comparison using the R-package DESeq2 (v1.4.0) (125). This tool, made for analysing bulk 

RNA-sequencing datasets, applies a negative binomial model by first estimating the count 

variance for each gene, accounting for both biological and technical variance across samples. 

This takes into account the over-dispersion of the sequencing data using shrinkage estimators 

for fold change. Covariates such as age, sex, and batch are also regressed out in the model. 

DESeq2 first models the raw counts using normalisation factors to account for library depth 

differences. It then uses the gene dispersion values and shrinks these estimates to generate 

more accurate estimates. After the binomial model is fit, The Wald test is used to perform the 

differential expression analysis. 

The Log2 fold changes in gene expression are also calculated and associated p-value is 

assigned to each gene. DESeq2 also corrects for multiple testing using the Benjamini-

Hochberg (BH) (126) procedure. This is an important step when analysing thousands of 

genes where the chances of false discovery are high. DESeq2 is a robust and reliable 

framework which is also computationally efficient in comparison to other methods of 

differential expression. The number of cells per sample was used as a covariate in the model 

to adjust for samples with larger cell number. The following design was used: 

 

Sex and age of the samples were included as covariates where appropriate. 
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2.2.9.1 Multiple Testing 

Multiple testing is the statistical challenge that arises when a large number of hypothesis tests 

are performed simultaneously. In the context of gene expression, this occurs when tens of 

thousands of genes are tested across conditions which can lead to an increased risk of false 

positives and genes appearing to be differentially expressed due to chance rather than due to 

true biological difference. Correction methods such as Bonferroni or Benjamini-Hochberg 

(126) are used to correct for false discovery rate. These adjust the p-values to account for the 

number of tests being performed, reducing the likelihood of false discoveries. The threshold 

used can help to control for type I error while also maintaining significant discovery. 

Handling of multiple testing is crucial in differential gene expressions studies due to the large 

number of tests being conducted. 

2.2.10 Functional annotation 

The R package WEB-based Gene SeT AnaLysis Toolkit WebGestaltR (0.4.6) (127) was used 

to perform over representation analysis for Gene Ontology (GO)(128) databases biological 

process, molecular function and cellular component. The DEGs from each pairwise 

comparison from each cell-type were tested for enrichment of the GO terms, against the 

background set of genes which was the number of cells expressed in each cell-type. The 

default WebGestalt parameters were used. These include GO terms were filtered by size to 

include terms with a minimum of 10 genes and a maximum of 1000 genes. Genes (see 

results). P-values were adjusted for multiple testing using the Benjamini-Hochberg (BH) 

method (129). Terms were considered significantly enriched with an FDR value of >5%. The 

GOSemSim R (130) package (v 2.16.1) was used to measure of semantic similarity 
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(measure = “Wang”) and the rrvgo R package (v 1.1.4) was used to reduce terms as described 

in Feleke et al. (112). 

 

2.2.11 High-performance computing (HPC) 

The computational analysis in this project was performed on the Imperial High Performance 

Computer from the Imperial College Research Computing Service, DOI: 10.14469/hpc/2232. 

R (v4.1.0.0) was used in the majority of computational analysis this analysis unless otherwise 

stated. Conda was used to maintain all packages and versions within environments and to 

manage pipeline requirements and dependencies. 
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2.3 Pipeline Optimisation 

This section explores two components of this pipeline that are critical in single-cell analysis. 

These were optimised specifically for the analysis of single-nucleus sequencing datasets from 

brain tissue. These address some of the most challenging aspects of single-cell analysis that 

remain unresolved, and these optimizations aim to enhance the accuracy and reliability of the 

results obtained from such complex biological data. The following optimisation analysis were 

performed on a subset of the datasets used in further chapters. These were samples from mice 

with Pilocarpine induced epilepsy (n=7) and matched sham mice (n=7). See Chapter 3 for 

more details on the generation of this mouse model. 

 

2.3.1 Ambient RNA correction 

Ambient RNA refers to the extracellular molecules of RNA that are not associated with a cell 

and can float freely to contaminate snRNA-sequencing droplets or adhere to the exterior of 

cells. This typically occurs during cell lysis and dissociation when cells break and RNA gets 

released into the surrounding environment. Despite the potential to significantly impact 

results, the issue of ambient RNA has received limited attention in the field. There are few 

approaches available to mitigate the effect of ambient RNA on snRNA-sequencing data, and 

these are rarely applied in standard single-cell studies, leading to a general lack of awareness 

of this problem. This can lead to unreliable findings and skewing of the gene expression 

profiles that lead to misattribution of RNA sequences to the wrong cells. 

In a recent study by Caglayan et al. (98), it was shown that ambient RNA can significantly 

disrupt the reliability of single-nucleus RNA-sequencing studies that fail to account for it, 

leading to considerable misinterpretation of results. This contamination arises especially from 

more abundant cell-types, which can contaminate less abundant cells, and suggest that certain 
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genes are expressed across all cell-types. The authors reanalysed several previously published 

datasets and found them to be contaminated with ambient RNA, particularly in brain datasets. 

They showed that ambient RNA could contribute up to 50% of total RNA in some samples, 

primarily originating from neurons and affecting all glial cell-types. Neurons are also 

particularly susceptible to damage with creates even greater risk of ambient RNA release. 

This risks the misidentification of rarer glial cell-types. They also discovered previously 

unrecognized cell-types and subtypes, including rare populations which could actually be 

glial types contaminated with ambient RNA. Additionally, analytical tools which model RNA 

profiles might be inherently biased towards neuronal signatures, misinterpreting data from 

other cell-types. Despite the prevalence of this issue, and its potential to introduce false 

positive results and misinterpret results, it remains under-recognized. To address this 

challenge, several tools, including CellBender, SoupX, and DecontX, and have been 

developed to adjust expression matrices and mitigate the effects of ambient RNA 

contamination. 

To explore the impact of ambient RNA in our generated datasets, first an approach was 

applied using the tool EmptyDrops (108). To test whether ambient RNA signals can drive 

results and cause false positives, EmptyDrops was used to first extract cells that can be 

considered “empty” based on their gene expression profiles. This means they may contain 

ambient RNA but not whole cells. The EmptyDrops algorithm finds and filters out “empty” 

droplets from scRNA-sequencing data by first modelling the distribution of the RNA content 

in the droplets, assuming that empty droplets follow a distinct distribution from real cells. A 

mixed model is fit to the data and a probability is given to estimate the likelihood of a droplet 

containing a cell.  

First, the empty droplets and the real cells were separated out and aggregated by sample to 

give a “pseudo-bulk” expression matrix, one for empty drops and one for real cells. 
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Differential expression was then performed using DESeq2 at an FDR threshold of 5%. Table 

2.1 shows the numbers of DE genes between Sham mice and mice with pilocarpine induced 

epilepsy using both real cells and empty drops. A much larger number of DE genes was seen 

in the real cells compared to empty drops replicating true biology. An intersect of the two sets 

of DE genes showed that there are 59 genes which are common between them.  

 

 

 

 

 

 

Table 2.1 – Summary of differentially expressed genes from real cells contained in droplets 

vs empty droplets containing ambient RNA. A much larger number of DEGs can be seen in 

the analysis using real cells, with some overlapping results between both tests. 

A Fisher’s exact enrichment test also showed that the most highly variable genes within the 

empty drops samples are significantly enriched for neuronal markers (Wang et al.). 

Functional annotation (Figure 2.6) of these DEGs showed that terms related to both sets were 

mostly neuronal related, however the DEGs from the real cells showed epilepsy related terms 

such as glutamate receptor signaling, signal release and membrane receptor regulation, while 

the terms from the empty drops were more development related, and do not necessarily 

directly reflect epilepsy biology. This confirms the presence of mostly neuronal RNA 

molecules in the ambient RNA.  

Number of 
DE genes

Real Cells 1823 

Empty Drops 115

Intersect 59
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Figure 2.6 – Functional annotation of Gene Ontology (GO) terms across DEGs in a) real 

cells and b) “empty drops”. The graphs show only terms that were enriched at FDR 5% and 

the y-axis represents the Ratio of the enrichment. 

Next, we wanted to test the contamination of ambient RNA in the real cells. There are several 

available tools that correct the snRNA-sequencing count matrix for ambient RNA. Two of the 

most frequently used tools include SoupX(131), and CellBender. While SoupX is the most 

highly cited and used tool, it requires an input of the estimation of ambient RNA percentage 

and results are highly sensitive to this parameter selection. If this parameter is not adequately 

chosen, the data may be over or under corrected. Given the variability of brain tissue, 

utilizing software that demands exact parameter estimation presents challenges. As the 

outcome of the analysis is highly dependent on this value, it can be unreliable across multiple 

datasets. 

b 

a 



 

 

 70 

CellBender is an alternative tool that aims to remove the effect of ambient RNA 

contamination by correcting the expression matrix using unsupervised learning. This 

algorithm is used to detect profiles of ambient RNA in the data and correcting for these 

profiles. The mouse samples were first filtered, clustered and annotated without ambient 

RNA correction (n=14), and then the final matrix of 34,257 cells was corrected for ambient 

RNA. Figure 2.7 shows the data before and after ambient RNA removal. These UMAPs show 

that the data after correction looks cleaner and more tightly clustered despite the same 

clustering parameters being used.  
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Figure 2.7 – UMAPs showing the clustering of 14 mouse samples before and after correction 

for ambient RNA. a) shows the clustering before ambient RNA correction b) shows the 

clustering after ambient RNA correction and c) shows the reannotation of the cells after 

ambient RNA correction. 

The numbers of cells per cell-type before and after ambient RNA correction is shown in 

Table 2.2. This shows that removal of ambient RNA has caused many cells to be reannotated. 

Figure 2.7c shows the reannotation of the cells after ambient RNA correction. This shows 

that many of the reannotated cells are neuronal. Many inhibitory neurones had been labelled 

as excitatory prior to correction. This is likely because excitatory and inhibitory neurons 

share much gene expression and therefore are harder to distinguish when they have been 

contaminated. As the excitatory neurones are the most abundant cell-types, most of the 

ambient RNA is likely to be from these cell-types therefore masking the inhibitory neurons. 

The glial cell populations show less change after correction with the greatest change seen in 

Microglia and Pericytes. 

 

 

Table 2.2 – Summary of differentially expressed genes from real cells contained in droplets 

vs empty droplets containing ambient RNA. A much larger number of DEGs can be seen in 

the analysis using real cells, with some overlapping results between both tests. 

 

 

Excitatory Inhibitory Astro Microglia Oligo OPC Per

Pre-
CellBender 22,734 3,452 3,272 1,145 2,018 1,110 526

Post-
CellBender 16,939 9,713 3,373 842 1,939 1,088 363
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To asses whether the ambient RNA profiles were coming mostly from neuronal cells, we 

examined the expression of a neuronal marker gene Syt1 which should only be expressed by 

neurones. Figure 2.8 shows the expression of Syt1 in the cells before and after ambient RNA 

correction. Pre-ambient RNA correction, it was moderately expressed in the glial clusters, 

however post correction, Syt1 expression is decreased in the glial cell clusters. This shows 

that neuronal ambient RNA was present and has been removed.  

 

 

 

 

 

 

 

 

 

Figure 2.8 – UMAPs showing the expression of the gene Syt1 a) before and b) after ambient 

RNA correction. The expression of neuronal RNA in the glial cell clusters is decreased after 

CellBender. 

Finally to tests the impact of ambient RNA on downstream analysis, differential expression 

analysis was performed on the cells before and after correction and reannotation. Table 2.3 

shows the number of DEGs in the analysis before and after and the intersecting DEGs. The 

numbers of DEGs mostly decease after ambient RNA correction, suggesting that ambient 

RNA causes false positive results in the differential expression. There is a large overlap in 

b a 
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these DEGS (~50%), showing that there are many genes which are not detected prior to 

corrections.  

 

Table 2.3 – Table showing the number of differentially expressed genes before and after 

CellBender correction, and the intersection of these genes. 

 

2.3.2 Inflation of Type 1 Error in differential Expression analysis 

Differential expression analysis is a key analysis used in the study of transcriptomics that is 

used to help unravel the genetics of complex disease. Differential expression involves the 

comparison of levels of mRNA transcripts across different conditions to understand how 

genes are involved in health and disease. This can help provide insight into the molecular 

underpinnings of the disease and highlight which distinct genes are upregulated or 

downregulated in disease. This can enhance our understanding of the disease state and the 

processes which are affected by the disease. This type of analysis offers information about 

the genes that modulate disease and can offer important insights for drug discovery by 

targeting genes that are contributing to symptoms or perturbing normal function.  

Historically, differential expression analysis has relied on bulk RNA-sequencing, which 

averages the expression of signals across all cells in a tissue sample. This can potentially 

obscure the contributions of individual cell-types. With the advent of single-cell RNA-

sequencing, we can now dissect the expression of multicellular tissue into single-cells, 

enabling a more precise identification of how different cell-types respond to disease. This 

Excitatory Inhibitory Astro Microglia Oligo OPC Per

Pre-
CellBender 1835 705 557 5 87 18 0

Post-
CellBender 1234 247 421 1 50 13 0

Intersect 668 128 214 1 40 7 0
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resolution allows for the characterisation of the complex, multidimensional response to 

biological perturbation, which in turn can provide a better understanding of disease 

mechanisms to facilitate he identification of therapeutic targets. 

Reliable values in DE analysis are highly reliant on good quality control and filtering of the 

data so that there is no noise masking the true biological signal. As these data sets have 

different distributions and need to be modelled differently, the DE approach used must be 

developed accordingly. There are many bioinformatic tools that have been developed for both 

bulk RNA-sequencing DE analysis and single-cell DE analysis, and the choice of tool is often 

dependent on dataset. Single-cell data is sparse and has a high degree of technical noise and 

variability, and single-cell tools typically need to account for this sparsity. The data is skewed 

and a few cells express genes at high levels whereas most cells express the same genes at 

very low levels or not at all (132). Models such as zero-inflated and negative binomial which 

can handle the overdispersion in the data are typically used (133). One way of dealing with 

the sparsity of these datasets is by using dimensionality reduction methods and methods 

which take only the most highly variable genes; however, this can also be sensitive to 

normalisation effects which might affect the downstream analysis (114). This may also 

ignore smaller and rarer populations which are not defined by highly variable genes. Some 

people have suggested leveraging the sparsity of the data by using the dropout as binary 

values- this is suggested to be as useful in identifying cell-types as using the values 

themselves, but maybe not be useful in other downstream analysis. The same gene may be 

expressed in one cell-type and not in the other. Dropouts happen because we start with such 

sparse material as we are extracting it from only one cell (106). This means that the low 

amount of starting mRNA causes inefficient capture, which subsequently doesn’t all get 

amplified in the PCR step. mRNA expression is also stochastic and dependent on different 
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processes and time points in the cell’s life. The sequencing will only capture one time point 

in the cell which means mRNA levels will vary depending on the state of that cell. 

 

Bulk data on the other hand is typically normally distributed after log transformation, as reads 

are aggregated across many cells which can stabilise the variance. Single-cell RNA-

sequencing is also different in its structure and must be modelled and interpreted differently 

to bulk-data. While tools designed to perform differential expression on bulk data is well 

established, tools for single-cell data present a unique set of challenges. Typically tools 

designed for use on single-cell date treat single-cells as replicates, creating a situation where 

a group of cells taken from the same sample are treated as if they were independent samples. 

This can create a significant issue in the reliability of results as it violates the assumption of 

independence that is required for most statistical analyses. A paper by Zimmerman et al. (99) 

published in 2021 empirically documented the sued the correlation among measures from 

cells from individuals demonstrating how the current common practice leads to an 

overinflated type 1 error rate. A type 1 also known as a false positive, occurs in hypothesis 

testing when a statistical test falsely indicates that there is an association or difference, when 

there isn’t one (134). Pseudo-replication, also refers to as subsampling, refers to observation 

that are nested within an experimental unit and are not statistically independent. While it is 

often possible to account for sample correlation within these models, this paper found that 

most single-cell studies do not, creating potentially unreliable results with high rates of false 

discovery. 

 

MAST (Model-based Analysis of Single-cell Transcriptomics) (135) is a statistical 

framework designed for the differential expression analysis of single-cell data, and was 

designed to address the challenges of sparsity and noise presented by the data, particularly 
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dropouts. It uses a two-part hurdle model that models gene expression both continuously 

through the gene expression values and discretely through the cellular detection rate (CDR) 

which informs the fraction of genes that are detectable in each cell, acting as a proxy for 

technical factors such as dropouts.  

This model typically does not include random effect for individual within the model as the 

most common approach in literature which leads of inaccurate results. 

To assess the rate of false discovery generated when using MAST, differential expression 

was performed using mouse samples from the pilocarpine-induced model of epilepsy (n=7) 

and matched controls (n=7) for each cell-type. Additionally, this was repeated using the same 

samples but assigned to random groups as case and control and this was permuted 10 times. 

Figure 2.9 shows the numbers of DEGs identified with the real groups (red) compared to the 

number of DEGs identified with the different sample permutations (grey). The values shown 

are significant at a threshold of FDR < 5% and log2FC of > 1.5. This showed that many 

genes are differentially expressed even with the random groups of samples, and at times the 

random groups are higher with random samples. This shows that DE is inflated when using 

MAST, as there should not be DE genes when samples are randomly assigned to case and 

control. The same study also highlighted that the MAST framework, when properly applied 

with samples as covariates, offers a more accurate differential expression analysis. However, 

many published studies do not apply this and often rely on default settings, which don't take 

sample covariates into account. Cells from the same samples are more likely to have 

correlated gene expression profiles which should be taken into account in the analysis. 

Correctly modelling the single-cell data is very important to distinguish true biological signal 

to produce reliable, reproducible, and biologically meaningful results. The high degree of 

heterogeneity in single-cell level data, makes detecting differential expression difficult at a 
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single-cell level as there is a high degree of technical and biological differences, making it 

harder to detect truly DE genes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.9 – Boxplot to show the number of DEGs using MAST when sample labels are 

randomly permuted per cell-type, compared to when correct sample labels are used (red). 

To help explain these results, the coefficient of variance (CV) was used to asses the 

variability in the gene expression levels across the cells in these datasets. This is a 

standardised metric of dispersion of a probability distribution or frequency distribution. It is 

often expressed as a percentage and is defined as the ratio of the standard deviation σ to the 

mean μ. The formula for calculating the CV is below: 
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A higher CV indicates greater dispersion round the mean and more heterogeneity in the 

expression while a lower CV indicates more uniform expression. This was calculated both for 

all samples and for control and case samples separately (Figure 2.9). The CV of all samples 

(0.0642) was very close to that of cases (0.0602) and controls (0.0660) separately. This 

showed that there is just as much variation in means within case and control as across all 

subject, explaining why DEGs are seen even when sample labels are randomly shuffled. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.9 – Measures of heterogeneity in single-cell data. a) Coefficient of Variation of all 

samples b) all controls c) all cases d) Scatter plot showing heterogeneity using I² per gene 

across all samples e) Boxplot of I² per gene across all samples. All figures were generated 

using gene expression values from excitatory neurons. 
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The I² statistic is a measure used in meta-analyses to quantify the proportion of variation 

observed between studies that is due to heterogeneity rather than chance. I² describes the 

percentage of total variation across studies that is not attributable to sampling error. The 

range for I² is 0-100%, and a value of 0% indicates no observed heterogeneity, while higher 

values show increasing heterogeneity, a value >50% is considered to be heterogeneous. 

Figure 2.9d shows the distribution of I² across all cases and controls, and figure 6E shows 

these results as a boxplot. The mean value is 0.76 which shows very high variability of these 

genes. 

 

Figure 2.10 – Scatter plots to show the correlation of Log2FC when using MAST vs Bulk DE. 

a) Excitatory neurons b) Inhibitory neurons and c) Microglia. 

To further asses the DE results produced by MAST, DEGs were compared to previously 

generated bulk RNA-sequencing from pilocarpine mice (n=200) (18) using the calculated 

Log2FC. While bulk data is an averaging of signal, the highest proportion of cells are 

neuronal and should correlate with the MAST single-cell results. Figure 5 shows the 

correlation of the bulk Log2FC vs the Log2FC from MAST for 3 cell-types. This shows that 

the corelation of Log2FC is low when using mast for differential expression when compared 

to bulk differential expression (Figure 2.10). 

 

A suggested approach to this problem is to aggregate single-cell gene expression by summing 

values across all cells from one sample creating “pseudo-bulk” expression matrices. These 
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maintain the cell-type specific values but remove zero-inflation and within sample 

correlation. This can remove the noise that is present when looking at the data at a single-cell 

level, leading to clearer signals of true gene expression levels. It also removes much of the 

sparsity in the datasets which creates normally distributed datasets and allows for the usage of 

traditional DE analysis tools. This means the datasets are more robust and less heterogenous 

and which can confound results. 

Pseudo-bulk is a more conservative approach and while they reduce false positives, they 

result in much fewer DE genes with underpowered studies that miss detecting genuinely 

differentially expressed genes. This underscores the necessity of nuanced approaches in 

single-cell differential expression analysis to balance the trade-off between detecting true 

positives and limiting false discoveries. As samples had already been generated, post-hoc 

power calculations were performed to see whether the DE is suitably powered. First 14 

samples (7 cases and 7 control) were aggregated per cell-type by summing the values per 

gene across samples. This creates a “pseudo-bulk” matrix. The R package ssizeRNA (v1.3.2) 

(136) was used to perform sample size calculations. Figure 2.11 shows the result of the power 

calculations. To detect genes differentially expressed at Fold Change 1.5 or more, we need at 

least 26 samples (13 case, 13 control) and to detect genes differentially expressed at Fold 

Change 2 or more, we need at least 11 samples (6 case, 6 control).  
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Figure 2.11 – Sample size calculations at a) Fold change 2 and b) Fold change 1.5 using 

ssizeRNA. 

For the subsequent stages of analysis, the pseudo-bulk method was chosen as despite its 

conservative nature and the requirement for a larger sample size, the approach is deemed 

more precise and less prone to result inflation, thereby ensuring confidence in the validity of 

the findings. 
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2.4 Conclusion 

In the rapidly advancing field of single-cell RNA sequencing (scRNA-sequencing), the use of 

analytical methods is critical to accurately interpret complex data. As technology evolves, 

there are several technical challenges still to address to ensure reliability and reproducibility. 

Datasets are increasing in size and the sparsity and variation in these datasets, as well as the 

complexity of biological systems needs to be well understood and accounted for (96). 

Challenges include: data size and sparsity, batch effect, dimensionality, noise, integration, 

annotating, computational resources. There is an increasing need for multidisciplinary 

approaches using computer science, statistics, machine learning and biology to refine data 

analysis workflows. The amount of information that is uncovered by single-cell data is 

unprecedented. With this advent of “big data”, it is even more crucial to develop efficient 

methodology that can account for variation, complexity and volume of data. 

 

This work emphasises the importance of considering extracellular ambient RNA when using 

droplet based snRNA-sequencing methods. This is particularly problematic in tissues like the 

brain, where the predominance of neuronal RNA can lead to misidentification of less 

abundant glial cell-types. Although tools such as SoupX, DecontX, and CellBender offer 

solutions to correct for ambient RNA, their application is not yet standard practice, leading to 

widespread under recognition of the issue (65,98). This gap in the methodology highlights the 

need for increased awareness and adoption of ambient RNA mitigation strategies to refine the 

accuracy of snRNA-sequencing data interpretation. It remains that the best way to minimise 

technical effects such as doublets and ambient RNA is by careful implementation and 

optimisation of the experimental pipeline, but these tools allow us to make full use of datasets 

even when the quality is not perfect. 
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In differential expression (DE) analysis within snRNA-sequencing, a major flaw arises from 

the neglect of intrinsic correlation within cells of the same individual. The current common 

practice of ignoring this correlation contradicts fundamental statistical assumptions, often 

leading to erroneous conclusions. This analysis complication is exacerbated by the fact that 

single-cell experiments commonly utilize cells from the same genetic and environmental 

background. Moreover, aggregation methods, while more conservative, provide an alternative 

means to control for zero-inflation and within-sample correlation, especially in unbalanced 

datasets which are frequent in snRNA-sequencing studies. Proper and careful statistical 

modelling are crucial to draw valid inferences in DE analysis, emphasizing the need for 

continued development and application of robust analytical tools in single-cell studies 

(65,137). 

 

The integration of snRNA-sequencing data from different experiments is essential to correct 

for batch effect which can obscure biological signal. These are one of the biggest obstacles in 

snRNA-sequencing data. The method of integration we used indicated that the integrated 

dataset reflects actual biology rather than artificial clusters from technical discrepancies. 

Samples most often used in case control studies to discover quantitative changes between 

different groups or conditions plays an important role for understanding the molecular basis 

of phenotypic variation, and to unravel the genetics of complex diseases and traits causes. 

Evolution of tools originally developed for handful of samples, have had to expand to 

integrate 100s. 

 

Furthermore, as single-cell technologies mature, the increasing complexity and volume of 

data require fundamental changes in data access, management, and infrastructure alongside 

specialized methods to facilitate scalable analyses. Around two thirds of tools are not 



 

 

 84 

available from a standard centralized software repository (CRAN, Bioconductor or PyPI) and 

are mostly available only from GitHub(138). Future work includes building this analytical 

pipeline by using workflow management software such as NextFlow (139). These tools 

ensure reproducibility as workflows can be executed in the same way across different 

computing environments. These also allow scalability to allow the processing of large 

datasets. Parallelisation which means independent tasks can be run simultaneously reducing 

the time requires, and error handling which saves time and resources (140). Overall, it is 

important that the computational biology field. 

 

By acknowledging and addressing these challenges, we can continue to leverage the full 

potential of snRNA-sequencing, enhancing our understanding of the molecular mechanisms 

underlying health and disease. Standardising approaches will also contribute to the robustness 

and reliability of results while also keeping in mind data specificity. 

 

2.4.1 Limitations and Future Work 

In this study, we focused on classifying broad cell-types rather than examining specific 

subtypes or regional differences. As we wanted to look at convergent signatures between 

heterogenous regions and epilepsies which share heterogenous subtypes, we focused on 

clustering at the major cell-type level, which often have overall physiology or pathology. 

Major cell-types provide a foundational understanding of the overall organization and 

function of tissues or organs, and they represent distinct groups with common characteristics 

that are easier to study collectively. Major cell-types are usually easier to classify and 

characterize compared to subtypes, which can have more nuanced differences (141). This 

simplicity can help in establishing basic principles before delving into finer details. 

Additionally smaller sample sizes in this dataset limited the ability to look at subtypes. 
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However, future work will focus on examining subtypes, as this could enhance our 

understanding of the disease as different neuronal subtypes likely contribute in distinct ways 

to the initiation and propagation of seizures. By studying these subtypes we can identify more 

specific pathways and mechanisms involved in epilepsy.  Neuronal subtypes in particular 

have distinct gene expression profiles that correlate with their specific functions and roles in 

the brain (142), these subtypes affect pathology differently and may be involved in different 

circuits within the brain. In the context of the differential expression analysis, differences 

between control and epilepsy brains may be obscured when studying broader categories and 

subtypes may help reveal those more specific differences in neuronal clusters to enhance the 

resolution and specificity of findings. While collapsing sub-types increases the number of 

cells tested per cluster, this may not increase power for differential expression as it may mask 

regions and layer specific affects that may be more likely to be clear when looking at 

subtypes.  

Similarly, collapsing analysis across brain regions and cortical layers also helped to reduce 

complexity in this analysis as we found that variation between cell-types was greater than 

variation between brain regions but this comes with similar limitations. This approach allows 

us to find patterns and fundamental principles that may be conserved across diverse brain 

regions, however, by combining data from distinct brain regions or cortical layers, we may 

overlook critical region-specific or layer-specific differences in gene expression. 

Particularly in the contexts of epilepsy where specific neuronal subtypes and cortical layers 

play critical roles. For example, in temporal lobe epilepsy (TLE), CA1 and CA3 regions in 

the hippocampus are known to be susceptible to neuronal loss, gliosis and excitotoxicity and 

the dentate gyrus, contributes to regulating excitability and often showing mossy fibre 

sprouting which are linked to seizure propagation (143). Studying the hippocampus 
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separately may give more of an insight into initiation of seizure activity. The L2/L3 neurons 

in the cortex facilitate the propagation of seizure activity across cortical layers, whereas other 

layers have inhibitory properties crucial in suppressing epileptic discharges (78). Therefore, 

collapsing analysis across brain regions and cortical layers, risks masking region-specific and 

layer-specific effects which may be important for understanding the biological relevance of 

these differences in epilepsy. This is particularly important in neuronal cells compared to 

other cell-types such as astrocytes where diversity is not as high (142). Inhibitory neurones in 

particular are crucial drivers of epilepsy, which regulate neuronal excitability and maintaining 

the balance between excitation and inhibition within neural circuits. Understanding the 

specific roles and vulnerabilities of these inhibitory neurons would give a more granular 

understanding of neuronal function in epilepsy(144). Dysfunction or loss of specific subtypes 

of inhibitory neurons can contribute to the initiation, propagation, and severity of epileptic 

seizures. Various subtypes of inhibitory interneurons, such as parvalbumin-positive (PV+), 

somatostatin-positive (SST+), and vasoactive intestinal peptide-positive (VIP+) cells, exhibit 

distinct roles in modulating network activity. PV+ interneurons, known for their fast-spiking 

properties, are critical for synchronizing network oscillations and suppressing aberrant 

neuronal firing. SST+ interneurons regulate the timing and duration of inhibition and have 

been shown to contribute to epileptogenesis, while VIP+ interneurons modulate disinhibition 

and synaptic plasticity (145).  

In this study, methods were used to correct for ambient RNA expression in the data. Ambient 

RNA correction methods enhance the accuracy and reliability of RNA sequencing data by 

reducing background noise and artifacts introduced by extracellular RNA and enables clearer 

interpretation of gene expression patterns by focusing on intracellular RNA originating from 

cells of interest rather than non-specific RNA contamination. While this is beneficial in 
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removing background noise, it could also eliminates genes that should not be present 

(146,147). 

A limitation of these methods is that they may also introduce some bias and could lead to 

overcorrection, inadvertently removing genuine biological signals. For example, one way of 

testing the presence of ambient RNA is by looking for genes typically associated with 

specific cell-types that are not expected to be present in other cell-types e.g. the presence of 

neuronal markers in glia. However, this is likely an oversimplification as neuronal markers 

can exhibit dynamic expression patterns across diverse cell-types and non-neuronal cells may 

transiently or under certain conditions express neuronal genes. These may be remnants of 

developmental programs, responses to environmental cues, or through cellular 

reprogramming events (148).  

 

These occurrences can contribute to functional diversity within cell populations and may play 

roles in adaptive responses or pathological conditions. Methods may not address this and 

overcorrect the data, so it is important to understand cellular diversity and function when 

applying these methods. Different ambient RNA correction algorithms or methods may 

introduce biases depending on their underlying assumptions and computational strategies. 

Some methods may disproportionately affect certain cell-types or clusters, skewing the 

relative proportions observed in the data. 

In this data, we observe that the annotation of some cells changed after correction for ambient 

RNA, which subsequently affects the cell-type proportions before and after correction. This 

highlights the importance of determining which proportions more accurately reflect the true 

cellular composition and align with established tissue composition from literature and 

experiments. Future work will focus on investigating the accuracy of these corrected 

proportions to ensure that they are representative of the actual biological context. This may 
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involve comparing the corrected data to known cell-type distributions from other studies, or 

using alternative experimental validation techniques the proportion of specific cell-types. 

This may particularly be an issue when looking at subtypes which are more homogenous, and 

correcting for ambient RNA can reduce the observed transcriptional variability within cell 

populations.  

 

This study uses pathway overrepresentation analysis identify enriched biological pathways or 

functions among differentially expressed genes to help add biological insight to the data. 

However these methods come with several limitations that are important to consider. Firstly, 

these methods rely on predefined gene sets and pathways, which may not capture novel or 

context-specific biological mechanisms that are unique to a particular experimental condition 

or disease state, such as epilepsy. Additionally, pathway databases can be biased towards 

well-studied pathways, potentially overlooking less characterized pathways that could be also 

relevant. Pathway analysis does not always consider the interactions and crosstalk between 

pathways, which are crucial for understanding complex biological diseases like epilepsy. 

Other methods which could be used to add functional annotation to genes include co-

expression and network analysis. Network based methods like WCGNA (149) could provide 

more complementary insights into pathways underlying epilepsy and how genes are 

connected.  Instead of focusing solely on predefined pathways, network-based approaches 

consider the interactions between genes within biological networks. This can reveal 

properties and functional modules that are not apparent from pathway enrichment alone.  

Additionally, methods such EWCE (Expression Weighted Cell-type Enrichment) could also 

be used to look at cell-type specificity. This is a statistical tool that uses gene lists such as 

disease associated gene lists from differential expression analysis to test for the enrichment of 

cell-types  (150). 



 

 

 89 

Chapter 3 

Single-nucleus RNA-sequencing of mouse 

models of Epilepsy 

3.1 Introduction 

Understanding the intricate cellular and genetic landscape of epilepsy is key to the 

development of effective therapeutic strategies. The complex neuronal circuits and 

heterogeneity of the disease, makes epilepsy research challenging in comparison to other 

brain diseases. Advances in single-cell technologies have shed light on the distinct cell-types 

that constitute the brain and their unique roles in many diseases. This shift from studying 

brain tissue to dissecting cell populations is crucial in understanding this heterogeneity in 

epilepsy. There have been a limited number of studies to date that characterise epilepsy at a 

single-cell resolution (142,151,152), often focusing on specific subtypes of epilepsy and only 

including relatively modest sample numbers. 

One third of patients with epilepsy have refractory epilepsy, which means they continue to 

have seizures even with medication (47). Developing drugs that better target the underlying 

mechanism of disease, and not just minimise seizures may enable the development of more 

effective treatment. This requires a more comprehensive understanding of epilepsy in a 

cellular context and a better understanding of the underlying pathways driving the disease. 
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3.1.1 Gene expression and signature reversion 

Gene expression changes in epilepsy have been extensively studied by using bulk RNA-

sequencing of brain tissue to assess the change across all cell-types; neuronal and non-

neuronal. Several transcriptomic changes are known to take place in epilepsy including 

changes that lead to dysregulation of ion channel function, altered immune response, 

neurotransmitter imbalances, cell death and synaptic plasticity (153). However, the averaging 

of the signal in bulk sequencing can lead to an inadvertent masking and dilution of 

information. The granularity that can be gained by using single-cell transcriptomics can help 

to uncover differences in cellular function that haven’t previously been identified.  

Identifying single-cell gene expression signatures as drivers of epilepsy can facilitate drug 

discovery by targeting genes that have the potential to shift gene expression in a particular 

cell-type back towards a healthy state. This is based on the principle of “signature reversion” 

which aims to identify drugs that induce a transcriptional response that is counteracting that 

of the disease. This concept has been successfully used in other diseases such as multiple 

sclerosis (MS) and Alzheimer’s Disease as well as epilepsy (154). Implementing this 

approach at a single-cell level could facilitate the discovery of novel strategies that modify 

the disease, by shifting gene expression profiles associated with the condition. In this study 

we look at three different mouse models of epilepsy and the transcriptomic changes that are 

induced. Using this comprehensive approach with multiple models, we aim to identify cell-

types and pathways that are independent of the specific epilepsy type or underlying cause, 

and that converge across different types of epilepsy. This might increase the chances of 

prioritising drug targets that have more translatable potential for human disease.  

This builds on previous work within the Johnson Lab, which used a gene regulatory 

predictive framework to identify a gene target Csf1R, a cell membrane receptor which when 

inhibited demonstrated the ability to restore a specific gene module’s expression towards 
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health and which showed efficacy in animal models of epilepsy. Here, we aim to extend this 

approach to the use of single-cell gene expression data offering a unique approach to drug 

target identification for epilepsy and which has broad implications in many diseases (59). 

 

3.1.2 Drug repurposing 

A significant challenge in drug development for epilepsy is the failure of progressing targets 

into clinical trials. This is largely due to the lack of preclinical experimental models that 

adequately model the disease (41). Drug repurposing, also known as drug repositioning or 

reprofiling is a strategy that aims to use existing drugs for a purpose different than to the one 

they were originally developed for. This strategy can accelerate drug development as drugs 

do not have to be created from scratch which not only lowers costs but removes many long 

and tedious steps in the drug discovery pipeline. As safety profiles of the drugs are well 

established, this minimises safety testing and reduces risk which can speed up the approval 

process. This is a valuable approach in drug discovery that provides a risk- and cost-effective 

solution to the difficult drug discovery process.  

 

3.1.3 Mouse models of epilepsy 

There are a wide range of animal models that have been used for epilepsy, as there are many 

animals with a central nervous system and therefore can experience seizures. Mice have been 

particularly popular as they are very easy to access and have low costs. They also exhibit a 

significant degree of genetic similarity with humans and are easy to manipulate (155,156).  

Epilepsy can be induced in mice using chemo-convulsant such as pilocarpine or Kanic acid, 

genetic manipulation such as gene knockouts or activations, or by electrical stimulation. Each 

of the different models have their own advantages and limitations. Many studies have shown 

the validity of mice as pre-clinical models of human epilepsy (157). As well as 
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standardization, using mouse models in drug discovery is advantageous as it allows for higher 

throughput and lower costs which provides a tractable first step in the drug discovery process. 

Mouse models provide further advantages in drug development such as wider availably of 

tissue, smaller amounts needed in testing of compounds and shorter treatment duration. They 

also replicate neurobiological processes such as neuronal loss, neurogenesis, inflammation, 

gliosis, and molecular reorganisation often associated with human epilepsy.  

In this study we use models of Temporal Lobe Epilepsy and Focal Cortical Dysplasia. 

Mouse models of temporal lobe epilepsy largely depend on the use of status epilepticus 

models (SE). The characteristics of TLE can be reproduced in the mouse model by inducing 

SE. These characteristics include; an epileptic foci, an “initial precipitating injury”, a latent 

period, and the presence of hippocampal sclerosis (158). 

The mouse models used in this study were Pilocarpine induced post-status epileptic model of 

TLE (PILO), a Sustained Status Epilepticus model (SSSE) temporal lobe epilepsy, and a 

genetic model of Focal Cortical Dysplasia (FCD). 

3.1.3.1 Pilocarpine induced post-status epileptic model of TLE (PILO):  

This is a chemo-convulsive model which involves a single injection of the drug Pilocarpine. 

This induces recurrent and spontaneous epileptic seizures in the mouse. Pilocarpine is a 

potent muscarinic agonist that promotes change that resemble TLE. Similarly to TLE, 

Pilocarpine will induce first a (a) an acute period where there is progressive accumulation of 

limbic seizures leading to status epilepticus (b) a silent period with a normalization of EEG 

and behavioural manifestations and (c) a chronic period characterized by spontaneous 

recurrent seizures. 

3.1.3.2 Self Sustained Status Epilepticus (SSSE):  

This is an electrical stimulation model which involves the implantation of an electrode into 

the hippocampus of the mice to induce a prolonged electrical current. These mice develop 
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seizures within the first month that are consistent with temporal lobe epilepsy. Brain tissue is 

then collected at 16 weeks post-SE (159). SSSE is a relatively newer model in comparison to 

chemo-convulsive models but can provide more opportunity and options. In this study two 

models of TLE were used to provide novel insights about the molecular mechanisms relevant 

to epilepsy. 

3.1.3.3 Focal Cortical Dysplasia (FCD):  

This is a genetically manipulated model of FCD, a developmental disorder which is 

associated with epilepsy. It is characterized by the presence of cortical malformations which 

are associated with increased seizure activity and intractable epilepsy. There are several types 

of FCD which are classified based on distinct histopathological features. Type IIa FCD is 

characterised by the presence of dysmorphic neurons. There is general agreement that FCD 

type IIa arises from the overexpression of the mTOR pathway resulting from somatic 

mutation in mTOR regulatory genes. In the mouse model of FCD used for this thesis, the 

mice were electroporated in utero with plasmids that contain a mutant Rheb gene, an 

activator of the mTOR pathway. The mTOR signalling pathway has a causal link with FCD. 

Clinically, the mice display strong, severe seizures, and pathologically, the mice manifest. 

This mouse model most closely resembles FCD type IIa (160). Characteristics of FCD type II 

include the generation of focal malformations, cortical dyslamination, and abnormal 

morphogenesis of neurones. FCD type IIa which displays an abnormal type of neuron called 

dysplastic neurones does not have other abnormal cell-types associated with FCD called 

balloon cells whereas FCD type IIb does have balloon cells (See Chapter 5). Unlike the 

models of TLE where the hippocampus is the most severely affected brain region, FCD 

affects the prefrontal cortex and malformation can be present over 50-90%- of the cortex 

(48). 
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3.1.4 Aims & Objectives 

This chapter aims to identify and characterise the cell-types and pathways underlying the 

epilepsy disease state by leveraging snRNA-sequencing data from mouse models of epilepsy. 

Since gene expression may vary both as a consequence and a cause of a disease, we 

hypothesised that expression changes that have a causal (upstream) relationship to epilepsy 

may be enriched for genes which confer risk to epilepsy. To this end, gene expression 

changes in epilepsy will be integrated with summary data from epilepsy GWAS and rare 

variant analysis from Whole Exome Sequencing (WES) to find cell-types that are enriched 

for rare and common epilepsy heritability. Cell-type specific gene expression changes in 

epilepsy will then be integrated with gene perturbation data from CRISPRi/CRISPRa screens, 

and using a causal inference framework, used to predict potential therapeutic targets for 

epilepsy. These will then be intersected with databases of known drugs which have the 

potential to be repurposed for epilepsy. The specific objectives of this chapter are therefore: 

1. Identify differentially expressed genes in the epileptic brain by comparing single-cell 

gene expression profiles between the disease and control samples across different 

animal models of epilepsy.  

2. Uncover dysregulated pathways associated with epilepsy by testing for enrichment of 

known pathway genes within the differentially up- and down- regulated genes in 

epilepsy. 

3. Identify cell-type/s that are enriched for common and rare epilepsy heritability by 

using epilepsy GWAS and rare variant analysis from WES to find cell-types that are 

enriched for rare and common epilepsy heritability.  

4. Identify potential drug targets for epilepsy treatment by utilizing a publicly available 

perturbation dataset from CRISPRi/CRISPRa screens and a causal reasoning 

framework to predict potential causal gene targets. 
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5. Use drug databases to identify existing drugs that have potential to be repurposed for 

the treatment of epilepsy. 
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3.2 Methods 

3.2.1 Experimental mouse models of Epilepsy  

All mouse models were provided by UCB Pharma, and received in two batches. For each 

model, samples are provided from the epileptogenic zone from the epileptic mice as well as 

anatomically matched control brain tissue from littermate control mice.  

All in vivo experiments were performed according to the National Rules on Animal 

Experiments in Belgium and to the guidelines of the European Community Council 

Directive. Analyses were conducted under Imperial College Research Ethics Committee 

approval. 

3.2.1.1 Pilocarpine induced model of temporal lobe epilepsy 

In both batches of pilocarpine mice, status epilepticus (SE) was induced by UCB pharma 

previously describe methods (161,162). Briefly, male mice were given a single injection of 

pilocarpine intraperitoneally (ip) (300 mg/kg ), which induces generalized clonic–tonic 

seizures 10-45 minutes after the injection which leads to SE. SE is then interrupted after 3 

hours by an injection of diazepam (10 mg/kg ip). Surviving mice show spontaneous recurring 

seizures within weeks and continue to have epilepsy for several weeks, before they are 

sacrificed.  

3.2.1.2 Self-sustained status model of temporal lobe epilepsy 

This model has been generated and described by UCB (159). Briefly, mice are implanted 

with a bipolar electrode into the right ventral hippocampus of the mice to induce a prolonged 

electrical stimulation. An inactive electrode was also implanted into the contralateral side. 

The surgery was conducted using anaesthesia and the electrodes held in place using assembly  

dental acrylic. The mice are then monitored using video electroencephalography  
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and the animals developed SSSE following a 90min stimulation. The animals developed SRS 

within the first month. To establish electrical current needed to induce a seizure exceeding 

ten seconds each mouse was given increasing electrical current (50 Hz, 1-s duration, 1-ms 

alternating current pulses). The development of SSSE was confirmed using an EEG trace. 

SSEE is then interrupted after 3 hours by an injection of diazepam (5 mg/kg ip). 

3.2.1.3 Focal cortical dysplasia model 

This FCD model was generated by UCB as previously described (160,163). In summary, 

mTOR activity is increased in the layer 2/3 neurons of the medial prefrontal cortex which 

causes tonic-clonic seizures. Using in utero electroporation, the activity of mTORC1 was 

increased by using in utero electroporation to express a plasmid which encoded a 

constitutively active form of the Rheb gene (RhebCA), which canonically activates the mTOR 

signalling pathway. The electroporation targeted a subset of neural progenitors at day E15 in 

the cortex which allows preferential targeting of neural progenitor cells that will generate 

layer 2/3 pyramidal neurones in the PFC (more details about this model can be found in 

chapter 5). 

 

3.2.2 Tissue sectioning 

Brain tissue samples were provided by UCB Pharma fresh frozen and processed at Imperial 

College London by Daniel Clode (Batch 1) and Jeong Hun Ko (Batch 2) (Table 1). 

 For the PILO model – tissue was taken from the L&R hippocampus and combined. 

Tissue was also provided from anatomically matched control brain tissue from 

littermate control mice. 

 For the SSSE model – tissue was taken from the hippocampus where the epilepsy was 

induced (right) and also the contralateral side (left). Matched tissue was also provided 
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from littermate control mice that were implanted with an inactive electrode, in the 

right side of the brain. 

 For the FCD model – tissue was taken from the region FCD lesion (where the 

plasmids were transfected) as well as the contralateral side of the FCD brain. Sham 

mice were also provided that were transfected with control plasmids that did not 

contain Rheb.  

 

 

 

 

 

 

 

Figure 3.1 – These figures illustrates the brain regions used in this study. The regions 

highlighted in red represent the tissue sampled in this analysis. A) The structure shown in 

this figure is the Hippocampus which is located deep within the medial temporal lobe of the 

brain. B) The structure shown in this figure is the Pre-Frontal Cortex and is located in the 

frontal lobe of the brain directly behind the forehead.  

 

3.2.3 Isolation of Nuclei 

The nuclei isolation protocol that was used was adapted from the 10x genomics protocol 

(164), and the Krishnaswami et al protocol (100), except for a change to the douncing step 

which was increased to allow for better homogenization of the tissue.  

a b 
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Briefly, the tissue is homogenised in a pre-cooled 2 mL dounce homogeniser in 800 µL HB 

suspensions, using 5 strokes of the loose pestle and then 10–15 strokes with the tight pestle. 

The homogenate is then filtered with a 35 µm strainer cap and centrifuged for 8 mins at 100g. 

An additional clean-up step (density gradient centrifugation), was used with centrifugation of 

the layered nuclei/29% iodixanol solution at 13,000g for 40 min at 4 °C. The supernatant was 

then removed and washed with PBS buffer (PBS + 1% BSA + 0.2 U/ml RNAseIn), filtered 

through a BD Falcon tube with a cell strainer cap, centrifuged at 500g for 5 min at 4 °C and 

washed again. Nuclei were counted using an LUNA-FL Dual Fluorescence Cell Counter 

(Logos Biosystems, L20001) and using Acridine orange dye to stain nuclei. Nuclei 

encapsulation was performed using the 10x Genomics Chromium Single-cell Reagent Kits 

Protocol (chemistry: Single-cell 3′ v2).  

 

3.2.4 Data Generation 

snRNA-sequencing data was generated using the 10X Single-cell Next GEM Chip targeting a 

minimum of 6,000 nuclei per sample in batch 1 and 10,000 nuclei per sample in batch 2 and 

libraries were prepared using the Chromium Single-cell 3′ Library and Gel Bead v3 kit 

according to manufacturer’s instructions. Briefly, this involves 8 cycles of cDNA 

amplification and 14 cycles of final indexing PCR. cDNA concentrations were measured 

using Qubit dsDNA HS Assay Kit and cDNA and library preparations were assessed using 

the Bioanalyzer High-Sensitivity DNA Kit. cDNA libraries were sequenced using the 

Illumina NovaSeq 6000 system at a minimum sequencing depth of 30,000 paired-end reads 

per nucleus on 4 flow cells. The sequenced reads were processed using Cell Ranger (v 3.0.2). 

Library preparation and sequencing was performed externally by Source Bioscience. The 

Illumina sequencers generate raw base call (BCL) files, which were then demultiplexed using 

cellranger mkfastq from 10x’s Cell Ranger software which generates FASTQ files from the 

https://www.ncbi.nlm.nih.gov/nuccore/L20001
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BCL files. This function uses Illumina’s bcl2fastq function with a few modifications to 

support 10x Genomics libraries.  

 

3.2.5 Mapping 

Sequenced reads (FASTQ) were aligned to the genome using Cell Ranger (v 5.0.1) and 

mapped to the mm10 (GENCODE vM23/Ensembl 98) reference genome using gene 

annotations from Ensembl v98.After the sequence quality of the raw reads is checked, as well 

as the GC content, adaptors, k-mers. Pre-built references were downloaded from the Cell 

Ranger website. The reference transcriptome used in the mapping downloaded from 

https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest/. 

 Reads were mapped to primary transcripts including introns as well as exons using the --

include-introns option in Cell Ranger, as this has previously been shown to detect a greater 

number of genes per nucleus. Counts were quantified as UMI counts, across each of the 85 

sequenced samples.  

 

3.2.6 Data Processing and Quality Control 

A detailed description of the computational pipeline used in this thesis can be found in 

Chapter 2. Briefly, processing and quality control of single-cell data involve a series of steps 

to ensure the reliability and accuracy of the dataset: 

1. Ambient RNA is first removed from the raw count matrix using the tool CellBender. 

This is free floating RNA which comes from damaged cells and get encapsulated 

along with cells in the microfluid droplets. This can cause noise in the data and skew 

the gene expression signatures and interfere with downstream analyses (147). 

https://support.10xgenomics.com/single-cell-gene-expression/software/release-notes/build#mm10_2020A
https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest/
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2. Doublets are then removed using DoubletFinder. Doublets or multiplets occur when 

two or more cells are encapsulated within a microfluid droplet. This also inflated gene 

expression profiled and leads to misleading data, particularly when the doublet 

compromises of heterogenous cells (110). 

3. Further filtering is applied to the data using Seurat (v4) (117) to filter out low-quality 

cells which have very low count and uninformative genes which are not expressed in 

many cells. These are filtered out to improve data quality and remove noise.  

4. Cells with high mitochondrial content (>5%) are removed as high mitochondrial 

content is a sign of poor quality or damaged cells (65). 

5. Seurat is used to normalise the data by applying the default normalisation method 

which involves log normalisation and then scaled to factor of 10,000. Normalization 

methods account for differences in sequencing depth between cells to ensure 

comparability (117). 

6. When analysing datasets that are generated across multiple experimental batches or 

conditions, batch effects can introduce unwanted variations. Batch correction and 

integration is applied using Harmony to correct across batches and LIGER to correct 

across condition (115,165). 

7. Dimensionality reduction is applied, first by principal component analysis (PCA) and 

then Louvain clustering in Seurat to cluster the cells. UMAP are then used to visualize 

the data and map high-dimensional single-cell data into a two-dimensional space.  

8. Clusters are then annotated to cell-types using known marker gene. First the unique 

markers per cluster are identified and a hypergeometric test is applied to test 

enrichment of these markers against list of know cell-type markers (Wang) (123). 

This process allows for the identification of specific cell-types within the dataset. The 
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annotations are then confirmed by plotting heatmaps of known marker genes to 

visualise the expression per cluster. 

9. Differential expression analysis performed using DESeq2. First the expression values 

per cell per gene are summed across samples to create a pseudo-bulk expression 

matrix. Pairwise differential expression is applied in case and control in each model to 

identify genes that show significant expression differences in cell populations in 

different disease states. This approach has been shown to be more accurate in 

analysing single-cell data, however can produce more conservative results (125,166). 

 

3.2.7 Functional enrichment analysis 

The R package WEB-based Gene SeT AnaLysis Toolkit WebGestaltR (0.4.6) (127) was used 

to perform over representation analysis for Gene Ontology (GO)(128) databases biological 

process, molecular function and cellular component. The DEGs from each pairwise 

comparison from each cell-type were tested for enrichment of the GO terms, against the 

background set of genes which was the number of cells expressed in each cell-type. The 

default WebGestalt parameters were used. These include GO terms were filtered by size to 

include terms with a minimum of 10 genes and a maximum of 1000 genes. Genes (see 

results). P-values were adjusted for multiple testing using the Benjamini-Hochberg (BH) 

method (129). Terms were considered significantly enriched with an FDR value of >5%. The 

GOSemSim R (130) package (v 2.16.1) was used to measure of semantic similarity 

(measure = “Wang”) and the rrvgo R package (v 1.1.4) was used to reduce terms as described 

in Feleke et al. (112). 
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3.2.8 Enrichment of mendelian epilepsy genes 

The PanelApp (https://panelapp.genomicsengland.co.uk/panels/) is a database of 340 (as of 

2023) gene panels covering a wide range of diseases and representing nearly 50% of Online 

Mendelian Inheritance in Man (OMIM) phenotypes. The gene list used in this analysis was 

from the panel “Early onset or syndromic epilepsy” which was merged from panels for 

Epileptic encephalopathy, Familial Focal Epilepsies, Familial Genetic Generalised Epilepsies 

and Genetic Epilepsies with Febrile Seizures. This panel consists of 792 genes which have 

evidence of association with epilepsy. These are split by a traffic light system into Green, 

Amber and Red, depending on the level of evidence. For this analysis we have only used the 

Green genes (420) which have a high level of evidence for disease-gene association and are 

authorised to be used for genome interpretation by Genomics England. These lists are 

regularly curated and signed off by NHS Genomic Medicine Service (167). 

A Fishers’s Exact test was used to test for statical enrichment of the overlaps between the 

differentially expressed genes in each cell-type in each pairwise comparison. This is a test 

which is used to determine the significance of association between two categorical variables. 

A contingency table is created which displays the frequencies or counts of observations for 

each of the two variables. This is a hypergeometric test and a p-value is produced which 

represents the probability that the gene lists are enriched. The significance level used is 5%.  

 

3.2.9 Association of heritability 

Heritability (h2) is the proportion of variance of a trait that can be attributed to genetic factors 

which is the additive effect of common genetic variants. We can use SNP-base heritability 

analysis to associate cell-types to heritability of epilepsy. Cellular heterogeneity may play a 

part in shaping how genetic variations manifest phenotypically. 

 

https://panelapp.genomicsengland.co.uk/panels/
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3.2.9.1 GWAS dataset 

The GWAS dataset used in this analysis is the most recent epilepsy GWAS published in 2022 

by the ILAE (33) which comprises of a total 29,944 of deeply phenotype epilepsy cases and 

52, 538 controls primarily of European descent (92%). 4.9 million SNPs were tested. 

The cases were recruited from tertiary referral centres and of the cases 16,384 people had 

focal epilepsy (FE) and 7,407 people had GGE classified by neurologists. The meta-analysis 

was performed separately for a) ‘all epilepsy’ b) FE and c) GGE. There were 26 genome-

wide significant loci in total 4 of which came from the ‘all epilepsy’ category, and 22 loci 

from the GGE category. There were no genome wide significant hits for the FE category. The 

summary statistics from this GWAS were used for the following LDSC analysis. The 

summary statistics include key results from the analysis including the SNP, and its 

chromosome and position, the association p-value, the effect size (usually as Beta coefficient 

or Odds Ratio), the standard error, z-score and the sample size. 

 

3.2.9.2 s-LDSC 

Stratified LDSC (Linkage Disequilibrium Score regression) (v 1.0.1) is a method designed 

for partitioning the heritability from complex traits using GWAS summary statistics. 

Genome-wide SNP heritability can be partitioned across categories of annotations in order to 

attribute disease to specific categories. It can be applied to cell-type specific sets of genes to 

identify disease relevant tissues and cell-types across diseases. In this analysis annotation 

categories of genes were defined as the genes differentially up- and down- regulated genes in 

each cell-type in each pairwise comparison in the different mouse models. 

Statisfied LDSC is based on the principle that genetic variants are often in Linkage 

Disequilibrium (LD) meaning they are in close proximity to each other on the genome and 

will be inherited together. s-LDSC accounts for LD structures which means the association of 
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a SNP includes the effects of all other SNPs in LD as SNPs tend to be in LD blocks. It is 

important to account for this as SNPs with higher LD are likely to have higher association as 

they may tag multiple other SNPs. The window size around the gene bodies is defined as 

100kb in this analysis. 

s-LDSC controls for annotations in the baseline model which is comprised of 53 different 

types of genetic architecture such as functional regions and histone marks. The baseline 

model is constructed using a reference panel of genetic variants and captures the LD structure 

of the genome, HapMap Project Phase 3 (HapMap3) SNPs and 1000 Genomes Project Phase 

3 European population SNPs were used for the reference panels and only SNPs with MAF 

>5% were partitioned. This analysis also excludes the MHC region (chr6: 25,000,000–

34,000,000, GRCh38) which exhibits complex LD patterns which do not meet the 

assumptions of LDSC. The categories tested are constructed using binary annotations where 

SNPs overlapping a category are assigned a value of 1 and SNPs not in a category are 

assigned a value of 0. The same SNPs are used in constructing the annotation categories as 

were used for building the baseline model. The trait summary statistics are then regressed 

against the baseline model which is testing whether the observed associations are greater than 

what would be expected under the baseline model. In this analysis where the aim is to 

identify cell-types critical to disease heritability, we are testing whether an annotation 

category significantly contributing to trait heritability under the baseline model. In this 

analysis LDSC was applied to test whether the cell-type specific genes from the differential 

expression analysis showed enrichment for epilepsy heritability, which might imply a causal 

role in epilepsy. This is based on the presumption that for cell-types causally involved in a 

complex trait, have gene expression that predicts heritability; however the gene expression 

may be compensatory.  
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The summary statistics used in this analysis are the ILAE GWAS studies conducted in 2022, 

which included individuals of European ancestry as present in the LD reference panel. 

Significant association suggest that the gene set is enriched for genetic susceptibility to a 

disease or trait beyond the random expectation.  

 

For all stratified LDSC analyses, coefficient p-values are reported. A regression coefficient is 

calculated and converted into a p-value using the R function pnorm() and multiple testing 

correction is performed using Benjamini-Hochburg. These p-values test whether the 

regression coefficient of an annotation is significantly positive, indicating that the annotation 

positively contributes to trait heritability, conditional upon the LDSC baseline model. It is 

noteworthy however, that compensatory, homeostatic gene expression changes that seek to 

mitigate the occurrence of seizures, may also be enriched for epilepsy heritability, but with 

different directionality, to changes that contribute increased risk for seizures, and that 

functionally, these pathways may also overlap with pathways perturbed in epilepsy (i.e., 

reduced and increased liability to seizures are equal).  

 

3.2.9.3 EPI25K dataset  

This dataset is a whole-exome sequencing (WES) case-control study which leveraged 

familial cases of epilepsy from the EPI25 Collaborative. The EPI25 Collaborative is an 

ongoing effort to collect data from patients from three major classes of epilepsy; 

Developmental and epileptic encephalopathies (DEE), generalized genetic epilepsy (GGE) 

and NAFE (non-acquired focal epilepsy). DEE is a severe form of epilepsy that begins in 

early life and causes intractable seizures and developmental disability. It is usually 

monogenic (autosomal dominant, recessive and X-linked) and many de novo variants have 

been identified for DEE. GGE and NAFE are more common types of epilepsy and are 
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generally less severe. GGE is characterized by seizures that involve both sides of the brain 

and NAFE affects a localised region. They account for 20-40% of epilepsies and are 

generally thought to be a result of polygenic inheritance, with some monogenic forms in a 

minority. This WES study aimed to find overlapping and distinct ultra-rare coding variants 

for these epilepsies by looking at burden at the gene-level and in candidate gene sets. This 

aims to look at the impact of rare genetic variants across epilepsy syndromes.  

The DNA was collected from patients with epilepsy from 37 sites in Europe, North America, 

Australasia, and Asia with a total of 13,487 cases and matched 15,678 controls. The numbers 

of cases were GGE (n = 7,489), NAFE (n = 7,489), and DEEs (n = 2,007). Epilepsies used in 

this study were diagnosed based on the criteria consistent with the ILAE classification.  

‘Ultra-rare’ variants are defined as those not seen in any non-neuro gnomAD population.  

Case-control comparisons were performed separately for each of the epilepsy disorders 

(DEEs, GGE, and NAFE) and for all the epilepsies combined. Collapsing analysis was 

performed to summarise the data into gene-level p-values using burden tests across the entire 

exome, to estimate the effect of rare, deleterious protein-coding variants in epilepsy. Briefly, 

a burden test is a statistical association analysis used to test the cumulative impact of multiple 

rare genetic variants within a gene or defined set of genes on a particular trait. The case-

control status is regressed on the classes of ultra-rare variants aggregated across a target gene 

set. 

 

Six key functional categories of coding variant were used in this analysis: Synonymous, 

Protein Truncating Variants (PTVs), missense, damaging missense, intolerant missense and 

damaging and intolerant missense. These are denoted as Synon, PTV, EMiss, DamMiss, EInt, 

and EIntDam in the analysis respectively. Protein-truncating variants (PTVs) were filtered 

with loss-of-function transcript effect estimator (LOFTEE), “damaging” missense variants 
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were filtered with REVEL (168) filter ≥ 0.5, and “intolerant” missense variants were filtered 

based on a missense tolerance ratio (MTR) filter of ≤ 0.78 which represents the most 

intolerant quartile of all regions in the exome. This allows for the assessment of multiple 

genetic variants which may have low allele frequency to be combined for greater 

significance, which is particularly useful when looking at rare variants.  

 

3.2.9.4 GSA-SNP2  

GSA-SNP2 (Genome-wide SNP-based pathway analysis) was used to perform gene-set 

enrichment analysis using the EP25k rare-burden analysis. This is a computational tool that 

uses summary level p-value data to test for the enrichment of pathways and gene sets. It does 

this by using a modified Z-statistic test and comparing the observed distribution to the 

expected distribution under the null hypothesis of no association. Each gene set is assumed to 

be a random collection of genes, therefore having a normal distribution. The modification of 

the Z-statistic is implemented to model the size of the gene set, and increase the power of the 

analysis. The tool also provides a type I error control by adjusting for the SNP counts in each 

gene. This method also adjusts for LD by removing adjacently located genes within the same 

gene-set that have a high positive correlation (>0.5) in the 1000 genomes dataset (on average 

this occurs in <1% of gene sets) (169). The following parameters were used:  

--minset 5 –maxset 2000 to filter out gene-sets <5 and >2000.  

The inter-gene genotype correlations used were from European decent and the SNP-gene 

mapping data was from version GRCh37(hg19) to match that of the data.  
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3.2.10 CRISPR brain analysis 

3.2.10.1 Dataset 

The CRISPR brain dataset is a publicly available dataset made available by the Kafman lab 

and can be accessed via https://crisprbrain.org/. It contains data from functional genomic 

screens from human iPSC differentiated cell-types; Glutaminergic neurones and Microglia. 

The data used in this study is from the CROP-seq experiment. CROP-seq (CRISPR droplet 

sequencing) is a method that combined CRISPRi and CRISPRa with snRNA-sequencing to 

study gene function. They performed CRISPRi using 184 genes and CRISPRa using 100 

genes that well curated from the DisGeneNet database and literature based on genes that were 

identified as hits in previous genome-wide screens for neurogenerative disease. CRISPRi is a 

technique used to silence the expression of a gene of interest using the CRISPR-cas9 to target 

the gene and inactivate it. CRISPRa uses CRISPR-cas9 to activate the expression of the gene. 

These methods were used to perturb the genes in glutamatergic neurones and microglia to 

provide information about gene function and cellular responses. For each gene perturbation, 

differentially expressed genes were calculated by comparing the perturbation cells to cells 

containing non-targeting control sgRNAs with t-tests using the diffxpy package in Python. 

Approximately 21,000 CRISPRi neurons and 21,000 CRISPRa neurons were used, with 

48,000 mean reads per cell and 4,341 median genes per cell for CRISPRi and 36,000 mean 

reads and 3,100 median genes per cell for CRISPRa (170–172). For each gene perturbation, 

we identified the genes differentially expressed for a at FDR value of < 0.05 and split the set 

of genes into those that are up regulated and down regulated by the perturbation. 

 

3.2.11 Enrichment of DEGs  

To predict drug targets that may modify epilepsy, a causal reasoning framework was applied 

similar to that was used in Srivastava et al. (59). The effect of the gene perturbation on 

https://crisprbrain.org/
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epilepsy was tested by performing a hypergeometric test to test the Enrichment of the up and 

down regulated DEGs in each case-control comparison against the up and down regulated 

genes from the perturbations, using only the genes expressed in the epilepsy snRNA-dataset 

as the background. The perturbations that were performed in the glutamatergic neurones were 

tested against the DEGs in the Excitatory and Inhibitory neurones, and the perturbations that 

were performed in the microglia tested against the Microglial DEGs. FDR was calculated 

using BH correction to account for the number of enrichment tests performed. Genes were 

considered to have a significant effect on epilepsy if they had an FDR > 0.05. Mouse genes 

were converted to human orthologues prior to the analysis using the biomarRt package (173).  

The results were also quantified according to two metrics; Activity and Weight. Activity was 

calculated as the proportion of genes perturbed by CRISPRi/a which are differentially 

expressed in epilepsy, and Weight was calculated as the proportion of genes differentially 

expressed in epilepsy which are perturbed.  

 

1) Activity: the proportion of genes perturbed by CRISPRi/a which are differentially 

expressed in epilepsy 

2) Weight: the proportion of genes differentially expressed in epilepsy which are 

perturbed by CRISPRi/a 

 

The Impact was then calculated, this is the sum of the activity and weight. The regulators 

were sorted according to the sum of the ranks of their activity and weight.  
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3.2.12 Intersection with databases 

3.2.12.1 The International Union of Basic and Clinical Pharmacology (IUPHAR) 

The UIPHAR/BPS Guide to Pharmacology database (found at 

www.guidetopharmacology.org) contains expert curated information about ligands and the 

molecular interactions with their targets (174). It provides information on pharmacological 

targets including receptors, ion channels, enzymes, transporters and other protein targets, as 

well as a detailed description of their structure, function and signalling pathways and 

physiological roles. This database is regularly updated and curated and is a very valuable tool 

for researchers in drug discovery, pharmacology and therapeutic development. 

 

3.2.12.2 Prescribable Drugs with Efficacy in Experimental Epilepsies (PDE3) 

This database was curated as a resource for drug repurposing research in epilepsy. It was 

created using literature mining of Medline abstracts to identify existing FDA approved drugs 

that have the potential to be repurposed for the treatment of epilepsy in humans. The database 

contains data from published preclinical studies that have evaluated the effect of drugs in 

rodent models of epilepsy. It comprises of 173 drugs from 500 studies, and can be 

downloaded from www.liverpool.ac.uk/D3RE/PDE. The database also collects information 

on drugs, their dosages, the seizure types they were tested against, and the efficacy outcomes 

observed in the experimental models. This database can be useful for highlighting novel 

prescribed drug targets for epilepsy which have been tested and approved, and could 

potentially be repurposed for the treatment of epilepsy (175). 

 

3.2.13 Computational Tools 

The computational analysis in this project was performed on the Imperial High Performance 

Computer from the Imperial College Research Computing Service, DOI: 10.14469/hpc/2232 

http://www.guidetopharmacology.org/
http://www.liverpool.ac.uk/D3RE/PDE
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3.2.14 Code availability 

The code used in this analysis can be found at https://github.com/Mybzd/RNA-

sequencing_analysis/ 

 

3.3 Results 

3.3.1 Study summary  

Single-nucleus RNA sequencing was applied to 85 samples from three distinct mouse models 

of epilepsy and corresponding controls as detailed in Table 3.1. These models consist of 

PILO (n=28), SSSE (n=20) and FCD (n=44). Given that PILO and SSSE are representative 

models of temporal lobe epilepsy, which most severely affects the hippocampus, tissue 

samples from these models were specifically sampled from the hippocampus. The FCD 

samples were sourced from the Prefrontal Cortex, marking the location of the FCD lesion in 

the mice. Following processing and quality control filtering, a total of 541,051 single nuclei 

were identified across the 85 samples, which were taken from 71 individual mice. This 

resulted in an average of 6,365 cells per sample, with an average of 1,699 genes detected in 

each cell. The samples were prepared and sequenced in two batches, and subsequent analysis 

integrated these batches into a single graph. Samples were integrated using LIGER (115) to 

minimise variance arising from sample origin and brain region, and further using Harmony 

(165) to mitigate batch specific effects (see Chapter 2.2 for more detailed methods). 

 

Individual cells were clustered using Louvain clustering, and cell-type assigned post-hoc to 

one of seven major cell-types (Figure 3.2a), using a hypergeometric test to test the 

enrichment of a cell-type specific marker gene set (176) relative to cluster specific markers 

(see Chapter 2.2). To validate the cluster cell-type annotations, canonical cell-type markers 

https://github.com/Mybzd/RNAseq_analysis/
https://github.com/Mybzd/RNAseq_analysis/
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(177) were used, and their expression visualised in a heatmap (Figure 3.2c). This 

demonstrated that the clusters expressed markers unique to their designated cell-types, and 

also demonstrates how cell-type is most accurately assigned by the use of multiple cell-type 

marker genes rather than reliance on a single canonical cell-type marker gene 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3.1 – Overview of samples used in this analysis. These tables provide a detailed 

breakdown of the brain samples used in this analysis, categorized by two separate batches. 

Three distinct models were used in this analysis Pilocarpine (PILO), Self-Sustaining Status 

Epilepticus (SSSE), and Focal Cortical Dysplasia (FCD). This table provides information on 

the number of samples from each model and the brain region the samples were collected 

from. 

BATCH 1

BATCH 2

Model Pilocarpine
(PILO)

Self Sustaining Status Epilepticus
(SSSE)

Focal Cortical Dysplasia
(FCD)

Sample
Type Pilo Sham Implanted 

SSSE
Unimplanted

SSSE Sham Transfected
FCD

Non-transfected 
FCD

Transfected
Sham

Brain 
Region

Left + Right  
hippocampus

Left +Right 
hippocampus

Right 
hippocampus

Left 
hippocampus

Right 
hippocampus

Prefrontal 
Cortex

Prefrontal 
Cortex 

(contralateral)

Prefrontal 
Cortex

Sample 
Number 7 7 7 7 6 7 7 7
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3.3.2 Annotating cell-types 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2 – Annotation of cell-types across brain regions. a) Visualization of all annotated 

cell-type clusters on a joint UMAP graph. Individual nuclei are colored by cell-type. b) Pie 

chart representing the proportions of each cell-type. The dominant cell-type is excitatory 

neurons followed by Astrocytes.c) A heatmap illustrating the gene expression levels (down 

sampled n=200 cells) of canonical cell-type markers across the cell-type clusters.  

c 

a b 
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The cell-types are dominated by excitatory neurons and the proportions of cell-types align wit

h the proportions seen in known literature (178). In total there were 375,599 excitatory neuro

ns, 32,629 inhibitory neurons, 39,998 oligodendrocytes, 47,071 astrocytes, 19,425 microglia, 

14,122 oligodendrocyte precursors (OPCs), and 3,958 Endothelial cells and 8,249 pericytes (

Figure 2b). Visualisation of the cell-types by different variables shows that the primary sourc

e of variations originated from the cell-types rather than the model (Figure 3.3a),brain regions 

(Figure 3.3b), or conditions (Figure 3.3c). 

 

 

 

 

 

 

 

 

 

 

Figure 3.3 – These UMAP plots provide a visualisation of the dataset coloured by a) Model 

b) Batch c) Condition. The cells are well integrated by all 3 of these variables and show no 

distinct clustering pattern within group, batch and condition.  

 

 

 

c b a 
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3.3.3 Identification of differentially expressed genes in epilepsy 

To identify the cell-type specific transcriptional changes occurring in each of the epilepsy 

models, differential gene expression analysis was conducting using a pseudobulk approach 

and DESeq2 (125). Differential expression aims to characterize cell-type specific changes in 

gene expression in the disease. A “pseudo-bulk” approach is used, where gene counts are first 

aggregated per cell-type per subject (detailed in Chapter 2.2) to avoid the inflated type I error 

rate (i.e., where non-differentially expressed genes are falsely indicated as differentially 

expressed) arising from “pseudoreplication” (i.e., where dependent cells from the same 

individual are treated as independent observations)(179). The comparisons tested were PILO 

(n=14) vs Sham (n=14), SSSE (n=7) vs Sham (implanted) (n=6) and FCD (n=15) vs Control 

(n=15) (Table 1).  

Principle Component Analysis (PCA) shows a predominant sample separation per cell-type 

based on brain region (PC1), followed by disease groups (PC2 and PC3) (Figure 3.4).  

 

 

Figure 3.4 – PCA plots to show the sample separation by variance. a) PC1 vs PC2 – samples show 

separation across PC1 where the cortex samples separate from the hippocampus samples and 

accounts for 52% of the variation. b) PC2 vs PC3 – samples are split across both PC2 and PC3 

where case/control samples separate mainly across PC2 which accounts for 12% of the variation. 

 

b a 
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For the differential expression analysis, only those genes expressed with a minimum of 3 

counts per gene per cell-type per sample were included. Whilst single-cell differential 

expression analysis based on aggregated counts is a conservative method (minimising the 

Type 1 error), power to detect DEGs is very much dependent on sample size (as well as 

number of cells per cell-type – see Power Calculations in Methods). For this initial discovery 

phase of the analysis, we therefore considered genes as significantly differentially expressed 

(DE) at FDR of less than 0.1 (rather than the conventional FDR<0.05 threshold) in order to 

facilitate downstream functional and genetic enrichment analyses. The numbers of 

differentially expressed genes in each model in each cell-type are shown in Figure 3.5. The 

results are split into up- and down-regulated genes.  
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Figure 3.5 – Numbers of cell-type specific differentially expressed genes (DEGs). This 

heatmap represents the cell-type specific DEGs across the pairwise comparisons in the three 

mouse models. The right hand panel represents the up-regulated genes and the left hand panel 

represents the down-regulated genes. Genes are considered differentially expressed at a threshold of 

10% FDR. The colour intensity represents the degree of differential expression. a) DEGs at FDR 

<5% b) DEGs at FDR <10%. All results from this analysis can be found in Appendix Table 1.  

b 

a
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Differential expression is widespread across cell-types in both the PILO and FCD 

comparisons, with the highest number of DEGs seen in the FCD comparison. Notably there 

are very few DEGs seen in the SSSE comparison. Excitatory Neurons had the most 

prominent changes in gene expression in the FCD condition, 1,288 genes were upregulated, 

while 617 genes were downregulated, followed by Astrocytes with 563 DEGs in total. 

Conversely, in the PILO model Astrocytes had the highest number of DEGs with an 

upregulation of 853 genes and downregulation of 152. This is followed by Inhibitory 

neurones. Inhibitory Neurons displayed consistent differential expression across both FCD 

and PILO conditions, with 198 and 211 genes downregulated, and 337 and 333 upregulated 

respectively. In both models, there is more upregulation seen generally across cell-types. 

 

Of the neuronal cell-types, Excitatory neurones are more highly differentially expressed in 

the FCD model where as Inhibitory neurones are more highly differentially expressed in the 

PILO model suggesting a disruption in different parts of neuron hyperexcitability. Possibly 

due to the limited power of the study, only one gene was seen to have the same expression 

pattern across all three models, Palmd, which was downregulated in excitatory neurones in 

all comparisons. This gene encodes a protein which is implicated in cytoskeleton regulation 

(180). Interestingly, Palmd has recently been shown to interact with Pdlim5 in excitatory 

neurons, with knockdown of either PalmD or Pdlim5 resulting in reduced neuronal dendritic 

branching (181). To date, Palmd has not been implicated in epilepsy (either as cause or 

effect), whereas aberrant dendritic spine formations are a known cytoskeletal feature of the 

epileptic brain (182). It remains to be determined if aberrant dendritic morphology is a cause 

of neuronal hyperexcitability, or a homeostatic response (which could be compensatory or 

maladaptive to the epileptic state) but our finding that this is a universal feature of diverse 

epileptic aetiologies warrants further investigation.  
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When considering genes which are convergently DE across two of the three epilepsy models, 

a higher numbers of converging genes between the FCD and PILO comparisons is observed: 

110 which are upregulated and 97 downregulated in excitatory neurones, 42 upregulated and 

56 down regulated in inhibitory neurones and 41 upregulated and 22 downregulated in 

astrocytes. This overlap suggests converging molecular changes (which may be cause or 

effect) between these two types of epilepsy, despite originating in different brain regions.  

 

3.3.4 Functional enrichment of cell-type specific DEGs 

Functional enrichment of Gene Ontology (GO) terms provides valuable insights into the 

biological significance of the DEGs within each cell-type, and can shed light into the 

biological mechanisms underlying epilepsy (or occurring as a consequence of the disease). 

To annotate the DE gene sets, over-representation analysis (ORA) was used, to test the 

enrichment of GO terms related to biological processes, molecular functions, and cellular 

components compared to a chance expectation. Pathways are then grouped based on their 

overarching parental terms using sematic similarity analysis. Figure 3.6 shows the functional 

enrichment of genes that are differentially expressed (FDR<10%) across cell-types in models 

of epilepsy. 

 

In the PILO comparison, significantly enriched pathways were identified in the genes DE in 

most cell-types, with the highest number of pathways in Astrocytes in the upregulated genes. 

These genes highlighted terms linked to the mitochondrial matrix, mRNA processing and the 

early endosome. These all suggest an organisational role in upregulated astrocytes. The glial 

cell-types (Astro, OPC and Microglia) showed a significant upregulation of the receptor 

complex, where as inhibitory neurones showed a downregulation.  
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Some terms such as "PDZ domain binding," "receptor complex," and "early endosome" 

appear frequently across different cell-types, suggesting their importance in the context of 

epilepsy. PZD domain binding which is downregulated in excitatory neurones and 

upregulated in inhibitory neurones, astrocytes and OPCs. 
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Figure 3.6 – Functional annotation of Gene Ontology (GO) terms across a) PILO DEGSs per 

cell-type, and b) FCD DEGs per cell-type. This graph shows the enrichment of reduced GO 

terms associated with cell-type specific up-(right) and down-(left) regulated DEGs in the 

pairwise comparisons in the different models. Sematic similarity was used to group original 

GO “child” terms, the numbers of which are shown in brackets on the y-axis. The x-axis 

represents the -log10(FDR) of the most significant “child” term associated with that parental 

term for each cell-type. All results from this analysis can be found in Appendix Table 2. 
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In the FCD comparison, ORA demonstrated significant enrichment of terms in Excitatory, 

Inhibitory and Astrocytes. Particularly in excitatory neurones, there are a high number of 

terms enriched, consistent with the high number of DE genes. Notably, inflammatory terms 

are highly dysregulated in excitatory neurones with 11 upregulated terms related to the 

cytokine mediated signalling pathways, 13 terms related to positive regulation of cytokine 

production are upregulated, and cytokine secretion and phagocytosis are also upregulated. 

Activation of immune response and adaptive immune, immune response to antigenic stimuli, 

and leukocyte proliferations and leukocyte mediated immune response, t-cell activation 

response also upregulated. Cytokine-mediated signalling was not exclusive to excitatory 

neurons but was also observed in inhibitory neurons and astrocytes. 

Neuronal terms are also enriched in the neurones. The glutaminergic synapse is upregulated 

in inhibitory neurones but downregulated in excitatory neurons in the FCD model. Positive 

regulation of neuron differentiation is also upregulated in inhibitory neurons and down 

regulated in excitatory neurons, and neuron death is upregulated in excitatory neurones. 

These results indicate an increased function of inhibitory neurons in response to epilepsy and 

a response from excitatory neurones to upregulate immune-related genes. The involvement of 

inhibitory neurones can be both anti-epileptic and pro-epileptic which makes physiological 

interpretation difficult (183). 

 

Collectively, these results emphasise most crucially the involvement of excitatory, inhibitory, 

and astrocyte cells in both the PILO and FCD comparison. Astrocytes and Excitatory 

neurones do not share any overlapping terms in the two conditions, however inhibitory 

neurons in both conditions have upregulated positive regulation of neuron differentiation. 

Notably the glutaminergic synapse is downregulated in inhibitory neurones in PILO but 

upregulate in inhibitory neurones in FCD. 
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In contrast, the SSSE comparison lacked significant functional annotation terms. However, 

the upregulated genes in the excitatory neurones were found to be associated with immune 

response, similarly to the FCD excitatory neurons, and also cell-cell adhesion, featuring 

genes such as Fndc3a, Igsf9, Itgb7, and cytokine receptors like Il15ra, Lepr, and Tgfbr2. 

 

3.3.5 Gene list enrichment results 

To assess if the cell-type specific DE genes observed in epileptic mice are potentially disease 

related, we first tested for the enrichment of genes known to be associated with epilepsy. A 

hypergeometric test was applied to test enrichment against two distinct gene-sets; a list of 

“high-evidence” monogenic epilepsy genes from the Genomics England Epilepsy panel 

(167), and a list of genome-wide significant hits from epilepsy susceptibly GWAS (142). 

Corresponding FDR values are shown in Figure 3.7. The genes expressed in each cell-type 

were used as the background set for the enrichment. 

 

In the PILO comparison, upregulated Astrocyte genes showed enrichment of monogenic 

epilepsy genes, however in the FCD comparison, it is the downregulated Astrocyte genes that 

are enriched, despite more DEGs being upregulated in total. Both PILO and FCD 

comparisons show enrichment of monogenic epilepsy genes in downregulated inhibitory 

neurons. Downregulated genes in excitatory neurones are also highly significant in the FCD 

comparison however not in the PILO comparison. There is also significant enrichment of 

monogenic epilepsy genes in the other glial cell-types (microglia and oligos) in PILO in the 

upregulated genes. For the complex epilepsy genes, found through GWAS studies, significant 

enrichment was only seen in downregulated genes in both the FCD and PILO comparisons. 

Common epilepsy genes are highly enriched in both neuronal cell-types in FCD and PILO. In 

the glial cell-types, enrichment is seen only in Astrocytes in PILO and OPCs and Pericytes in 
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FCD. There is no enrichment of common epilepsy genes in the upregulated DE suggesting 

common genes are mostly downregulated. This analysis confirms the presence of both 

common and monogenic epilepsy associated genes across multiple cell-types in the PILO and 

FCD comparisons. This analysis again highlights the involvement of Excitatory and 

Inhibitory neurones and Astrocytes, suggesting these are the driving epilepsy cell-types. 
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Figure 3.7 – Enrichment analysis epilepsy-related gene sets within the DEGs derived from 

the single-nucleus data. Heatmaps of enrichment FDR values from a Fishers exact test using 

A) a set of monogenic genes from Genomics England, which are categorised as “green” 

meaning they have a strong level of evidence linking them to epilepsy, and B) genes identified 

in previous epilepsy GWAS studies(184). These were tested for enrichment within the cell-

type and model specific up-(right) and down-(left) regulated DEGs. Heatmaps are coloured 

by degree of significance and nominal significance is indicated using: ***FDR < 0.001; 

**FDR ≤ 0.01; *FDR ≤ 0.05. 

 

3.3.6 Integration of differentially expressed genes with genetic data  

While cell-type specific DEGs can be related to molecular pathways and known epilepsy 

genes, it remains unclear whether the transcriptional changes seen are causing the disease or 

are just occurring as a consequence of the disease. Consequential gene expression can occur 

via a number of mechanisms, including inflammatory responses to recurrent seizures, or 

neuronal homeostatic processes potentially acting to mitigate the epileptic disease state (185). 

In this way, gene expression changes may serve to both mitigate or potentiate (the epileptic 

disease state, and these effects could be different in different cell-types. To try to get some 

understanding of the relationship of cell-type specific DEG to epilepsy, and ideally some 

insights into directionality, cell-type specific DEGs can be evaluated for underlying 

association with epilepsy heritability using stratified LD score regression (sLDSC) for 

GWAS data or enrichment tests for WES.  

Using summary statistics from epilepsy GWAS, sLDSC can asses the enrichment of common 

genetic variants that are genetically associated with epilepsy. Provided there are no 
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unobserved confounding factors, then since genotype is independent of disease status, it is 

reasonable to assume that genetic variants associated with epilepsy are more likely to 

contribute riskto the disease. 

 

LDSC was used to determine whether the proportion of SNP-heritability associated with the 

DEGs for each cell-type was greater than chance expectation, by partitioning heritability 

using the largest and most recent epilepsy susceptibility GWAS from the ILAE (33). This 

GWAS was analysed separately for both generalised and focal epilepsies as well as all forms 

of epilepsy. Enrichment of genetic association was tested for up- and down-regulated cell-

type specific DEGs (FDR < 0.1) from each comparison (Figure 3.8).  

Most significant enrichment is observed for generalised epilepsy susceptibility across the 

majority of cell-types. Despite PILO and FCD being models of focal epilepsies, enrichment 

of focal epilepsy heritability is only seen in one cell-type – upregulated excitatory neurones. 

Generalised epilepsy heritability is observed in both up- and down- regulated PILO and FCD 

neurones, as well as up- and down- regulated astrocytes in PILO and only down regulated 

genes in astrocytes in FCD. In PILO, all cell-types but Endothelial cells are enriched for 

generalised or all epilepsy in the upregulated genes. This analysis further indicated that  

excitatory, inhibitory neurones and astrocytes are heavily implicated, consistent with the cell-

types previously identified in the gene list enrichment results.  

 



 

 

 129 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.8 – Association of heritability analysis of cell-type specific DEGs using LD Score 

Regression. Cell-type and model specific DEGs were used to identify genetic association with 

epilepsy risk using ILAE 2022 GWAS studies. The analysis is run for the Focal Epilepsy, 

Generalised Epilepsy and All Epilepsies denoted EPI_FOCAL_2022, EPI_GGE_2022, and 

EPI_ALL_2022. Heatmaps are coloured by degree of significance and nominal significance is 

indicated using: ***FDR < 0.001; **FDR ≤ 0.01; *FDR ≤ 0.05. 

 

To further explore the association of heritability within the differently expressed genes, we 

also looked at the enrichment of rare variants heritability as well as common variants. 

The EPI25 dataset is a Whole Exome Sequencing (WES) dataset from 30,000 people with 

epilepsy coordinated by the ILAE Genomics consortium. The study considers epilepsy in 4 
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broad phenotypic categories severe developmental and epileptic encephalopathies (DEEs), 

genetic generalized epilepsy (GGE), non-acquired focal epilepsy (NAFE) and All epilepsy 

phenotypes. Summary level data was generated using collapsing analysis of deleterious rare 

variants (186). We considered gene-level results for the following categories of coding 

variant: Synonymous (Synon), Protein Truncating Variants (PTV), missense (EMiss), 

damaging missense (DamMiss), intolerant missense (EInt) and damaging and intolerant 

missense (EIntDam). This collapsing (or burden) analysis, produces a gene-level p-value of 

association to epilepsy or each gene in the genome.  

 

Using these ranked gene level p-values we tested the enrichment of the DEGs for each cell-

type in the PILO and FCD comparisons, using a tool called GSA-SNP2 (187) (Genome-wide 

SNP-based pathway analysis). GSA-SNP2 uses a modified Z-statistic test to compare the 

observed distribution of gene-level association p-values to the expected under the null 

hypothesis of no association. The null distribution is calculated by random set of genes of the 

same size. The Z-statistic is implemented to model the size of the gene set, avoiding false 

positive results arising from gene sets with a biased higher proportion of larger genes. The 

tool also provides a type I error control by adjusting for the SNP counts in each gene and 

adjusts for LD by removing adjacently located genes within the same gene-set that have a 

high positive correlation (>0.5) in the 1000 genomes dataset (on average this occurs in <1% 

of gene sets). We considered summary results for the clinical categories “All Epilepsy”, DEE, 

GGE and NAFE. The results are summarised in Figure 3.9.  
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Figure 3.9 – Analysis of enrichment of heritability of ultra-rare variants using GSA-SNP2. 

These heatmaps display results of heritability enrichment of ultra-rare variants associated 

with various epilepsy subtypes including (a) All Epilepsy, (b) developmental and epileptic 

encephalopathies (DEEs), (c) severe genetic generalized epilepsy (GGE), and (d) non-

acquired focal epilepsy (NAFE). The following coding variants were included in the analysis: 

Synonymous (Synon), Protein Truncating Variants (PTV), missense (EMiss), damaging 

missense (DamMiss), intolerant missense (EInt) and damaging and intolerant missense 

(EIntDam).Heatmaps are coloured by degree of significance and nominal significance is 

indicated using: ***FDR < 0.001; **FDR ≤ 0.01; *FDR ≤ 0.05. 

a b 

c d 
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The advantages of this analysis is that we can look at high penetrance variants which are 

deleterious, and are therefore direct impact on disease, allowing a tentative inference as to the 

causal relationship between the cell-type specific DEG and epilepsy. The results reveal a 

complex picture of cell-type specific differential expression in epilepsy. Of and by 

themselves, the results do not guide us on whether cell-type specific DEG are pro-

epileptogenic or arise through compensatory homeostatic anti-epileptogenic mechanisms.  

For DEE mutations are intolerant in PILO and Protein Truncating in FCD. For GGE, 

mutations are primarily intolerant and damaging, whereas all missense mutations are 

implicated in FCD. However, at face value, the downregulation of genes in FCD and PILO 

which cause epilepsy when deleteriously mutated, suggests that their downregulation in 

astrocytes may be contributory to the hyperexcitable epileptic state.  
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3.3.7 Perturbation analysis with CRISPRbrain  

The differential expression analysis revealed transcriptomic signatures that are cell-type 

specific and enriched in genes known to contribute risk to epilepsy. By examining the 

pathways associated with these genes, we gained insights into the mechanisms implicated in 

epilepsy. Instead of focusing solely on individual genes whose expression is altered in 

epilepsy, we can investigate these gene sets collectively to identify upstream regulators 

responsible for transcriptional shifts across multiple epilepsy-related genes. By targeting 

regulators of epilepsy-causing genes, we can potentially identify drug targets that address the 

broader pathways governing the disease rather than just single genes. 

 

Building on these previous findings identifying key genes altered in epilepsy, we wanted to 

delve deeper into understanding the transcriptomic responses of these genes. CRISPRbrain is 

a dataset of functional genomics screens in differentiated human cell-types (172). Recent 

advances of CRISPR technology has allowed for large scale experiments, perturbing gene 

function using the CRISPR/cas9 system. This allows modification of the genome sequence to 

adjust the expression levels of specific genes to inhibit/activate specific genes. This can allow 

us to look at gene function and understand their roles in particular pathways and processes. 

This can be used to validate potential drug targets by understanding how their affects 

transcriptomic response.  

 

In this analysis, the DEGS identified in the single-cell experiment were intersected with the 

CRISPRbrain database, a database of CRISPRi/a activation for 300 gene perturbations. Using 

a framework conceptualised by Srivatava et al.(59), the overlap of DEGs within the 

perturbation dataset was assessed to discern the shared functional impact. An enrichment test, 

using up- and down- regulated DEGs in epilepsy separately, was conducted on the genes 
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dysregulated through a gene perturbation. When the DEGs align with those affected by 

perturbation, it implies a potential regulatory function of the perturbed gene in the initiation 

of epilepsy onset. These findings can identify specific transcriptional changes that when 

disrupted, lead to transcriptional shifts mirroring those that occur in epilepsy. Analysing these 

changes at a cell-type specific level provides an important insight into how the cell functions 

in disease. The role of these genes, whether activating or inhibiting the disease depends on 

the directionality of the overlapping gene sets and the perturbation effect. Modulating the 

expression of these potentially disease-causing genes can help to reverse disease phenotype 

(or potentially augment if the directionality is reversed or misconstrued). The direction of the 

DE genes in conjunction with the CRISPR brain genes can then help inform the therapeutic 

strategy for the disease, determining whether a gene should be agonised or blocked in order 

to counteract the transcriptional effects of the disease. This framework is illustrated in Table 

3.2 with directionality assumed on the basis of simple signature reversion. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

DE direction CRISPRbrain
direction

Perturbation Disease effect Therapeutic strategy

  CRISPRa ACTIVATOR Block / Inverse agonist

  CRISPRa ACTIVATOR Block / Inverse agonist

  CRISPRi ACTIVATOR Block / Inverse agonist

  CRISPRi ACTIVATOR Block / Inverse agonist


 CRISPRa REPRESSOR Agonist


 CRISPRa REPRESSOR Agonist


 CRISPRi REPRESSOR Agonist


 CRISPRi REPRESSOR Agonist
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Table 3.2 – This table shows how the overlap and directionality between differentially 

expressed genes in epilepsy, and gene perturbations suggests how the regulating gene is 

modulating the disease. This shows how the potential therapeutic strategy can be based on 

the outcome of the specific perturbation. Arrow pointing upwards (↑) represents 

upregulation, while arrow pointing downwards (↓) signifies downregulation. 

 

 

The CRISPRbrain perturbation screens were performed in 2 cell-types; glutaminergic 

neurones and microglia as these are the only cell-types with transcriptional readouts 

following gene perturbation. In this analysis, the enrichment tests were performed on the 

DEGs from matching cell-types, with both inhibitory and excitatory DEGs being tested 

against perturbations in glutaminergic neurons. 

In total 151 of the perturbed genes showed significant enrichment at 5% FDR in one or more 

model or cell-type. The most significant enrichment was observed in the CRISPRi 

perturbation of the gene MAT2A which demonstrated an overlap with the downregulated 

DEGs in the FCD excitatory neurones and as well as inhibitory neurones in both PILO and 

FCD (Figure 3.10). This suggests that an inactivation of MAT2A results in the 

downregulation of genes also down-regulated in epilepsy. Based on the reasoning of the 

previously described framework, activating MAT2A should potentially realign the 

downregulated genes in epilepsy closer to a healthy state, suggesting MAT2A as a disease 

repressor. A therapeutic strategy might then involve using an agonist. Methionine 

Adenosyltransferase 2A (MAT2A) is a protein coding gene that catalyses the production of S-

adenosylmethionine from methionine and ATP, and lowered levels of this enzyme have been 

associated with gliomas (188). While this gene has not previously been directly linked to 

epilepsy, it has been shown that MAT2A is involved in the activation of the mTOR pathway 

through the regulation of DNA synthesis, which is known to cause FCD (163,189). 
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Functional annotation of the genes downregulated when MAT2A was knocked out showed 

153 downregulated Biological Processes, including many related to synapse formation, 

neurotransmitter transport and signal release. Conversely, upregulated terms were related to 

mRNA processing, splicing and metabolic processes (Full FA in Appendix). S-

adenosylmethionine has also been shown to have antiepileptic effects in epileptic rats 

therefore inhibition of this gene could be inducing epilepsy (190).  

For each of the gene perturbations, two additional metrics were calculated. The ‘Weight’ of 

the gene regulator, which is determined by the proportion of genes under- or over- expressed 

in the disease, that are enriched in the set of genes dysregulated by the CRISPR perturbation. 

The ‘Activity’ of the gene was also calculated which is the proportion of the genes perturbed 

by the CRISPRi/a which are also differentially expressed in epilepsy. The Activity and the 

Weight are then combined and ranked. These were plotted against the log10 FDR of 

enrichment (Figure 3.10) which allows prioritisation of genes based on the strength of the 

predicted effect. MATA2A also has the highest ImpactRank showing that a large proportion of 

the significant genes are present in the DE and the perturbation.  
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Figure 3.10 – Scatter plot to show the relationship between Impact Rank and -log10(FDR) 

for all significantly enriched gene perturbations, across different experimental models and 

conditions. a) The scatter plot is coloured by cell-type and CRISPR perturbation. Excitatory 

and Inhibitory neuron DEGs were tested against the glutaminergic neuron CRISPRi and 

CRISPRa. Microglia DEGs were tested against the microglia CRISPRi perturbations. b) The 

scatter plot is coloured by the mouse model the DEGs were identified in. Full results of this 

analysis can be found in Appendix Table 3. 

 

Another highly significant perturbation which also had a high Impact Rank is NQO1. In this 

case, the gene was activated using CRISPRa, the downregulated genes upon NQO1 activation 

were significantly enriched for those both up- and down- regulated in epilepsy. This suggests 

that NQO1 could be acting as a disease activator or repressor. To gain more insight, a 

literature search was conducted. NQO1 knockout mice have been shown to display 

spontaneous seizures due to alteration in intracellular redox status and altered glucose 

a b 
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metabolism (191). Functional annotation of the NQO1 perturbation showed that cell redox 

homeostasis was upregulated biological process as well as other metabolic process. A large 

number of GO terms were downregulated, the majority of which are related to synaptic 

function. This suggest NQO1 may be playing a role as an activator of epilepsy throughout 

metabolic abnormalities leading to seizure initiation. 

While the majority of significant regulators are significant in excitatory or inhibitory 

neurones, there are five which were found to be significant in microglia; CDK12, CSF2RB, 

EPOR, LSM6 and MAPK14.  

This analysis has revealed potential regulators of epilepsy that might serve as potential 

therapeutic targets. Nonetheless, the challenges of prioritising and validating these targets 

remain. While these preliminary findings are promising, identifying and testing feasible drug 

candidates is a long and expensive process, highlighting the need for improved in vitro 

scalable functional readouts for novel candidate disease modifying therapies in epilepsy 

 

3.3.8 Intersections with interaction databases 

Repurposing existing drugs is a strategic approach to speed up the drug development process, 

given the long and costly process of identifying and testing new drugs. To identify pre-

existing drug candidates, significant genes were cross-referenced with a database cataloguing 

known gene-ligand interactions, the IU/Pharm database. Using this database, 24 of the 

significant genes were found to have already established ligand interactions. With the aim of 

drug repurposing in mind, we focused on genes linked to already approved drugs. Out of the 

24 identified genes, 9 genes had interactions with drugs that have already received approval 

for use in humans (Table 3.3). 
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Table 3.3 – This table shows the significant genes found to have pre-existing ligand 

interactions, and the number of the ligands from the IU/PHAR database. It further provides 

details on the specific ligands which are approved for use in humans. Additional information 

is given regarding whether these gene targets are known epilepsy genes and if they are listed 

in the PDE3 database. 

 

 

Gene Number of Known Ligands Number of Approved Ligands Approved Ligands Known Epilepsy Gene PDE3 Database

ACE 25 21

benazepril, benazeprilat, 
captopril, cilazapril, enalapril, 

enalaprilat, fosinopril, imidapril, 
imidaprilat, lisinopril, moexipril, 

perindopril, perindoprilat, 
quinaprilat, ramipril, ramiprilat, 

spirapril, spiraprilat, 
trandolapril, trandolaprilat, 

zofenopril

No captopril, enalapril

ACHE 14 10

donepezil, echothiophate, 
edrophonium, galantamine, 
neostigmine, physostigmine, 
pralidoxime, pyridostigmine, 

rivastigmine, tacrine

No No

ATM 9 0 No No

BCL2 10 1 venetoclax No No

BCL2L1 6 1 venetoclax No No

CASP3 8 0 No No

CCR5 37 1 maraviroc No No

CDK12 2 0 No No

CREBBP 5 0 Yes No

CTSD 5 0 Yes No

EPOR 3 2 erythropoietin, peginesatide No No

GABRG3 2 0 No No

HDAC9 13 4
belinostat,  panobinostat, 

romidepsin, vorinostat No No

INSR 9 3 insulin, brigatinib, ceritinib No

LSS 11 0 Yes No

MAP3K12 6 0 No No

MAPK14 31 0 No No

NTRK1 30 2 gilteritinib, larotrectinib No No

NTRK2 14 0 Yes No

NUAK1 7 0 No No

SLC2A3 1 0 No No

TAF1 1 0 No No

TOP1 1 0 No No

XIAP 9 0 No No
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To further validate these targets and their interactions, these gene targets were intersected 

with the PDE3 database. This is a curated database of all drugs that have been used and 

proven effective in the treatment of epilepsy in either humans or animal models of 

epilepsy(175). Data from the PDE3 database highlighted two drugs, Captopril and Enalapril, 

both of which target the ACE (Angiotensin-converting enzyme inhibitor) gene (Table 3.4). 

The framework identified ACE as significant in both Excitatory and Inhibitory neurons for 

the FCD and PILO comparisons. Given that the enrichment was observed in upregulated 

genes and the perturbation was an inhibition, this suggests that ACE plays an activating role 

in epilepsy and thus should be inhibited. These drugs have been prescribed for epilepsy 

management, demonstrating efficacy, especially when paired with another AED (192,193). 

Further literature research revealed that both Captopril and Enalapril, can supress epilepsy-

induced activation in KA mice and counteract the abnormal interaction between astrocytes 

and microglia. This serves as a validation for this approach (194,195). 

 

 

Table 3.4 – This table shows two ACE inhibitors that were found to be effective in the 

treatment of epilepsy in the PDE3 database. 

 

While the other approved drugs were not in the PDE3 database, and have not been previously 

been prescribed specially for the treatment of epilepsy a literature search showed that many 

of these gene candidates with approved ligand interactions, have prior associations with 

epilepsy. The CCR5 (C-C chemokine receptor 5 antagonist) exhibits significant upregulation 

Name Indications First licensed 
(year)

Prescription 
items dispensed 

in England in 
2016 (number)

Number of 
studies

Number of 
unique models Models AEDs enhanced

Captopril

Hypertension; 
chronic heart 

failure; diabetic 
nephropathy

1981 102,804 3 3 PTZ, AUD, Other

Carbamazepine, 
Lamotrigine, 
Topiramate, 

Valproate, Other

Enalapril Hypertension; 
heart failure

1985 1,871,692 1 1 Other

Carbamazepine, 
Lamotrigine, 
Topiramate, 

Valproate, Other
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in excitatory neurons in the PILO model, particularly in genes upregulated when the gene is 

knocked out. This implies that CCR5 acts as an epilepsy activator, and its inhibition might 

alleviate symptoms. Maraviroc, an FDA-approved drug targeting CCR5, has demonstrated 

efficacy in preventing microglial activation and neuronal degeneration in mice with seizures. 

By inhibiting the CCL5/CCR5 pathway with maraviroc, seizure symptoms were observed to 

decrease (196). Additionally, HDAC9 (Inhibitor of histone deacetylases), a target of 

Vorinostat has also been shown to blocks seizures in zebrafish and rodents and could serve as 

promising candidates for drug development, potentially bypassing the extensive safety 

approval process as they are already approved (197). 
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3.4 Discussion 

This work leverages single-nucleus sequencing data derived from three mouse models of 

epilepsy with the aim of identifying cell-types and underlying mechanisms associated with 

the disease. Furthermore, it seeks to utilize the cell-type specific differential expression 

information to identify drug targets which work by modifying the disease. By identifying 

specific genes and pathways that are dysregulated in disease, this information can be used as 

a potential framework for disease modifying drug target prioritisation. Given the intensive 

nature of the traditional drug approval process, this work makes use of publicly available 

databases to screen for existing drugs which can be reused for new therapeutic goals based on 

the framework outlined in this Chapter.  

 

In summary, 85 samples from three models of epilepsy were combined on a joint UMAP and 

cell-type specific clusters were identified and annotated. Differential expression analysis was 

then performed for each pairwise comparison (PILO vs Sham, FCD vs Sham and SSSE vs 

Sham) to identify significantly dysregulated genes for each model and potential convergent 

DE across different epilepsy aetiologies. A conservative pseudobulk DE approach was used, 

as opposed to traditional single-cell DE methods which lead to a high rate of type 1 errors. 

The results of the differential expression analysis revealed significant differences in gene 

expression in all pairwise comparisons apart from SSSE which showed very few DE genes, 

even at a more liberal 10% FDR threshold. The lack of differential expression in SSSE raises 

the question of why this group did not exhibit significant changes in gene expression 

compared to the control group. One possible explanation is the highly variable gene 

expression within cells in each condition, which may obscure differences between conditions, 

especially considering the heterogeneity of cell-types. Technical noise could also contribute 

to the lack of differential expression observed. This is likely due to smaller sample numbers 



 

 

 143 

for the SSSE model causing low statistical power to predict DE genes. Power calculations 

showed that a minimum of 23 samples are needed to provide 80% Power to detect fold-

change >1.5 when using pseudo-bulk differential expression (see Chapter 2.3).  

Functional annotation of the dysregulated genes using ORA analysis of GO terms highlighted 

the involvement of astrocytes in both models of epilepsy. Astrocytes have been shown to 

have many roles in the brain and in epilepsy including the homeostasis of potassium and 

glutamate as well as other synaptic functions. The upregulation of PDZ domain binding and 

receptor complex as well as other terms related to cell binding and communication, may 

highlight the close relationship between neurones and astrocytes and emphasise the 

upregulation of homeostasis at synapses likely as a response to seizures (73).  

There are many immune GO terms enriched within neuronal terms, and there is significance 

of the term “cytokine-mediated signalling pathway” across all cell-types in FCD, highlighting 

the involvement of inflammation in these models. There is growing evidence into the role of 

inflammation in epilepsy and while this is usually associated with glial cells, there is a close 

interaction between neurons and the glial cells, as the brain has a complex cellular 

environment. Cytokines and chemokines are also involved in synaptic plasticity, neuronal 

differentiation, and migration (198). However, it can be unclear whether the inflammation 

seen is causing the seizures or is a result of the seizures. A key limitation of pathway analysis 

is to determine whether the observed associations are causal, consequential, or simply 

correlated with the phenotype, and enrichment analysis alone cannot distinguish the 

relationship between pathways. It is also worth noting that this type of analysis can be 

inflated by a few genes, and therefore any contamination of microglial genes within neuronal 

cell droplets could be driving some of these enrichments.  
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The question of whether changes seen in the differential expression analysis are indicative of 

the genes causing epilepsy or whether they are seen simply as a consequence of the disease 

due to compensatory mechanisms is key. Enrichment of known epilepsy causing genes within 

the DEGs showed that several cell-types were enriched for previously established disease-

causing genes. This approach was used to account for genes with both rare and common 

variants. While this indicates association of epilepsy genes, these may be correlation and do 

not provide direct evidence for causation. The observed enrichment might be a result or a 

cause of a specific phenotype, or it might be coincidental.  

To more directly implicate genes in epilepsy, association of heritability can provide evidence 

of a genetic basis to a trait. Significant association of heritability with a set of genes, implies 

those genes are genetically associated with the disease. 

Firstly, LDSC was used in conjunction with the most recent epilepsy susceptibility GWAS to 

explore which cell-types were significantly associated with common epilepsy heritability. 

This showed significant association of several cell-types with common variants. To look at 

rare genetic variants, GSA-SNP2 was used alongside whole exome sequencing from EPI25K, 

to look at the association of rare variants within the cell-type specific genes. These integrative 

methodologies, which look at data from GWAS and WES, can offer more convincing 

inferences regarding the causative nature of the DE genes. In the context of the rare variant 

genetic analyses in particular, this usually leads to loss-of-function and deleterious mutations, 

which when enriched in downregulated genes, strongly indicates a causative function in the 

disease. 

 

The vast phenotypic and genetic heterogeneity observed in epilepsy, particularly in subsets 

like GGE and NAFE, underscores the need to look at epilepsies as a whole, using integrative 
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methodologies to find convergent features. The primary convergent feature of the analyses in 

both models is cell-type specificity around astrocytes and neurones. There is evidence in both 

focal and generalised epilepsies, and in both rare and common types. Astrocytes and neurons 

(inhibitory in particular), have been empirically linked to both the genesis and progression of 

epilepsy (73,144) 

Understanding the genetic basis of a disease creates opportunity for potential interventions 

through targeting a gene or a set of genes. To establish causation, it needs to be demonstrated 

that a change in the gene directly leads to a change in the trait, as association alone is not 

enough to prove this. Usually this can be done through experimental studies.  

In this study, we achieved this through the use of CRISPRbrain, as a tool for identifying 

disease associated gene function. Perturbation data provides a provisional validation of these 

transcriptional shifts seen in the mouse models, and helps to elucidate whether a particular 

gene should be activated or inhibited to counteract disease-induced transcriptional shifts. 

When differentially expressed genes show enrichment within genes influenced by 

perturbation, it leads to the hypothesis that these DE genes play a causal role in epilepsy's 

progression. 

This analysis identified several genes that could be targeted for therapeutic function as well a 

way to quantify the strength of these predictions. Several of these putative targets could be 

validated through intersection with databases of known drug targets and through previously 

conducted experimental studies. While this approach predicts numerous genes that can 

substantially influence the expression patterns in epilepsy, certain notable examples stand 

out. This provides a method to refine a selection of genes which can be taken forward for 

experimental validation. Finally by focusing on known drugs, this approach emphasizes the 

advantages of drug repurposing in the context of epilepsy research in speeding up discovery 

and reducing costs. 
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3.4.1 Limitations and Future Work 

Incorporating preclinical mouse models into this analysis offers the ability to look at genes 

and pathways in a controlled experimental setting without the confounders of comorbidities 

and genetic variation, providing insights into molecular pathways and cellular interactions 

difficult to study directly in human samples. These models enable the manipulation of 

genetic, environmental, and pharmacological variables to elucidate relationships which can 

then be validated in human studies.  Using mice also allows us to increase sample size and 

improve the power as mouse samples are more readily available and easier to obtain.  

In this study, we saw very few differentially expressed genes in the SSSE model. The main 

comparison performed was between the SSSE mice which had been implanted with 

electrodes and treated with electrical stimulation versus the control mice which had been 

transplanted with electrodes but did not have electrical stimulation. This approach aimed to 

distinguish changes specifically induced by SSSE from those possibly influenced by surgical 

implantation. Additionally, samples from the contralateral side of the brain were included, 

highlighting the need for future studies to systematically compare gene expression changes 

between hemispheres. This comparative approach could elucidate whether observed effects 

are localized to one hemisphere or represent bilateral responses, thereby providing a more 

comprehensive understanding of the neurological impact of SSSE and its potential 

applications in clinical settings. 

 

In the context of focal cortical dysplasia (FCD) and temporal lobe epilepsy (TLE) mouse 

models, a limitation arises when brain regions are analysed collectively, and neuronal 

subtypes are aggregated. FCD and TLE are characterized by heterogeneous pathological 

features that can vary spatially within the brain. Analysing brain regions together may 

obscure region-specific differences in gene expression patterns or cellular responses that are 
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critical for understanding disease mechanisms. Similarly, collapsing neuronal subtypes 

overlooks the diversity in cell populations that may have distinct roles in disease pathology or 

therapeutic responses. For instance, specific neuronal subtypes within affected regions like 

the hippocampus or neocortex may exhibit differential vulnerability to excitotoxicity or 

aberrant synaptic plasticity, which are central to epileptogenesis.  

 

FCD which is characterized by abnormal cell proliferation and migration results in structural 

abnormalities in discrete brain regions (199). When analysing brain regions collectively, 

crucial variations between dysplastic and normal tissues may be obscured. Aggregating data 

from diverse brain regions could mask region-specific pathological changes and fail to 

capture the unique cellular and molecular characteristics associated with FCD. Similarly, 

temporal lobe epilepsy is characterized by seizures originating from the temporal lobe, with 

complex alterations in the hippocampus and surrounding structures. In TLE mouse models, 

neuronal subtypes within the temporal lobe can exhibit distinct pathophysiological changes 

such as aberrant excitability or altered neurotransmitter release(200). Aggregating data from 

different neuronal subtypes or entire brain regions might obscure these subtype-specific 

alterations and reduce the resolution of functional and structural insights 

 

Future strategies could explore the association of immediate early genes associated with 

neuronal activity by exploring the enrichment of these genes within differentially expressed 

gene sets. Immediate early genes are genes which are rapidly and transiently expressed in 

response to neuronal activity and are associated with various synaptic processes. These genes 

have become widely used as molecular markers for neuronal populations which are active or 

undergoing plastic changes. These can relate which in response to neuronal stimuli and play 

pivotal roles in synaptic plasticity. Using an enrichment test with these markers, could help 
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better identify the sub-types of neurons that are active in the epileptic data and help associate 

a role to certain subclusters or indicate which neuronal populations could be targeted. 
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Chapter 4 

Single-nucleus RNA-sequencing of Human 

Epilepsy 

4.1 Introduction 

Systems-level biology seeks to understand complex biological processes from a 

comprehensive data-driven perspective, focusing on how components of the system interact 

and converge (201). Within this context, a systems approach involves combining diverse 

types of biological data such genetic, transcriptomic, and epigenetic to gain a more 

comprehensive understanding of biological processes (202). 

The approach taken in this thesis not only explores convergence across epilepsy models but 

also investigates the conserved mechanism underpinning epilepsy across different species. 

The use of mouse models in epilepsy has been instrumental in drug discovery but validating 

finding in humans is still essential for the successful translation of therapies. Human tissue 

offers several advantages over mouse as it allows for the study of complexity that is not 

found in mouse. It is also valuable in studying more disease and patient specific factors that 

are only relevant in certain forms of epilepsy and can facilitate personalised medicine 

approaches (42,203). Using data from both human and mouse studies not only increases the 

power of findings but can ensure more robust findings that are replicated across multiple 

systems. While animal models remain essential, when human tissue can be obtained, this 

complements these studies and plays a crucial role in advancing our understanding of disease 

and may help bridge the gap to clinical applications (202). 
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A convergent framework suggests that different types of epilepsy with different genetic 

mutations or epigenetic modifications, and in different species can identify fundamental 

pathways for disease that may be targeted for therapeutic development across multiple 

different types of epilepsy. By integrating different data types, this enhances the capability to 

identify core pathways implicated in disease, and provides a unified understanding of the 

underlying mechanisms of epilepsy and ictogenesis. Following the “signature reversion” 

principle, reversing these effects can be a potentially powerful therapeutic strategy, by 

counteracting the disease associated expression (154).  

Previous work from the Johnson Lab (36) demonstrated the integration of diverse datasets 

including brain bulk RNA-sequencing data from human and mice, as well as GWAS and rare 

variant data, and showed that genetic susceptibility converged on a gene regulatory network 

‘M30’. This provided evidence for a connection between rare and common epilepsies which 

provided a potential strategy for the development of therapeutics.  

Incorporating single-cell resolution and epigenetics into our analysis provides additional 

insights into mechanisms of gene regulation and these can influence disease susceptibility 

and response to therapy. 

 

4.1.1 Epilepsy Surgery 

Surgery is often performed in epilepsy patients with drug-resistant epilepsy, when AEDs are 

not effective in controlling seizures. In the case of focal seizures which originate from one 

part of the brain, surgery can offer a reduction in seizure frequency or a completely seizure 

free life, while minimising the reliance in AEDs. Certain types of epilepsy such as in 

hippocampal sclerosis and FCD have well-established surgical procedures that can be very 

successful, but these surgeries must be tailored based on the specific case with pre-surgery 

assessments (204). 
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4.1.1.1 Hippocampal Sclerosis (HS)  

Hippocampal sclerosis (HS) is a common epilepsy pathology characterized by the selective 

loss and atrophy of neurones in the hippocampus particularly involving CA1 and CA4. It is 

also accompanied by gliosis, which is proliferation of glial cells, and other features include 

the dispersion of granule cell layer and mossy fibre sprouting. These changes disrupt the 

normal functioning of the hippocampus which is important in memory and learning, and they 

contribute seizure development (205). Hippocampal sclerosis is commonly present in patients 

with temporal lobe epilepsy (TLE), particularly mesial temporal lobe epilepsy, which is a 

subtype of epilepsy characterized by seizures that original from the mesial temporal lobe. 

Hippocampal sclerosis is often a marker for drug resistant epilepsy. For most patients surgical 

excision of the affected region is eventually required, and temporal lobectomy for 

hippocampal sclerosis is the most common epilepsy surgical procedure (206). The surgical 

procedure usually involves an anterior temporal lobectomy where a section of the anterior 

lateral temporal neocortex is removed, along with medial temporal lobe structures where the 

seizures are generated from. The prognosis after surgery is good, and studies have shown that 

between 50-70% of patients are seizure-free after several years (204). What lead to the 

development of sclerosis is unclear and understanding the mechanism associated with 

hippocampal sclerosis can be important in developing treatment for the management of 

intractable epilepsies. 

 

4.1.1.2 Focal Cortical Dysplasia (FCD) 

Focal cortical dysplasia is a developmental brain disorder characterised by the development 

of abnormal brain tissue in areas of the brain, and malformations of cortical development. 

These lead to delay in cognitive development and seizures. Focal cortical dysplasia is a 

heterogenous group of cortical lesions and several mutations within the mTOR pathway 
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genes have been associated with FCD, as well as insults such as infection, inflammation, or 

hypoxia. FCD is another leading cause of drug-resistant epilepsy and surgery is often 

required to live seizure-free (207). (More details on FCD can be found in Chapter 5.) The 

surgery may involves temporal or frontal lobectomy although in most cases usually a 

lesionectomy is performed to excise the malformed cortical region (208). After surgery, 

seizure free outcome ranges from 50-75% depending on a number of factors such as 

aetiologies, extent of lesion and types of surgery (205).  

 

4.1.2 Epigenetics 

In addition to transcriptomics, studying chromatic accessibility can provide a more 

comprehensive understanding of the complex mechanisms of gene regulation. Chromatin 

accessibility refers to the state of chromatin in the cells and its availability to transcription 

factors and other DNA-binding molecules. Chromatin is usually wrapped around histone 

proteins in structures called nucleosomes, which makes DNA inaccessible and this packing 

informs the accessibility. When chromatin is “open”, this means DNA is more accessible and 

can be accessible by machinery and actively transcribed. The “closed” state is compact and 

generally cannot be transcribed. Chromatin accessibility is very dynamic and changes in 

response to various things such as disease and development and potentially also seizures. It is 

crucial in gene regulation and proper cell function (86,209).  
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Figure 4.1 – Schematic representation of nucleosome structure. This figure illustrates how a 

segment of DNA is wound around histone proteins forming nucleosomes. Each nucleosome 

consists of eight histone proteins (octamer), which packages DNA in order to regulate gene 

accessibility and expression. 

 

ATAC-seq (Assay for Transposase-Accessible Chromatin using sequencing) is a technique 

that can be used to map the open chromatin regions across the genome. ATAC-seq uses a 

transposable enzyme that inserts sequencing adaptors into the regions of the genome that are 

not wrapped around histones. The DNA is then fragmented and the regions with the adaptors 

can be amplified and sequenced (210). Using ATAC-seq at a single-cell level, in combination 

with RNA-sequencing, can help gain valuable insights into the relationship between 

chromatin accessibility and gene expression in different cell-types and tissues. The open 

regions of chromatin are usually regulatory regions such as enhancers and promotors and can 

be used to identify genes which are being actively transcribed. By integrating these two types, 

we can identify the regulatory regions that are associated with changes in gene expression 

and can provide insight into the underlying mechanism (211,212). Additionally, ATAC-seq 

can provide improved annotation of cell labels to provide a deeper understanding of cell-type 

heterogeneity, and can also help replicate differential expression analysis (213).  
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4.1.3 Aims & Objectives 

Using samples from human epilepsy patients, this chapter aims to explore cellular and 

molecular mechanisms that contribute to the susceptibly of epilepsy. Building on work from 

mouse tissue, this chapter aims to compare results from the two different species across 

multiple types of epilepsy. By integrating snRNA-sequencing data with genomic insights 

from GWAS and WES, the aim is to prioritise cell-types that harbour genetic variants 

influencing epilepsy risk. Additionally, this data will be integrated with publicly available 

functional perturbation experiments using CRISPRi/a technologies, using a previously 

described framework of causal inference, we aim to highlight potential genes that could be 

targeted therapeutically for epilepsy. This information will then be intersected with 

information from drug databases to offer a pathway to identifying existing therapeutics that 

can be redirected for epilepsy treatment. This work will also be combined with chromatic 

accessibility data to gain insight into the epigenetic context and gain a convergent 

understanding of epilepsy. 

Specific goals include:  

1. Detecting genes that are differentially expressed in epileptic tissue, contrasting gene 

expression patterns between affected and control samples to detect cell-type-specific 

epilepsy signatures. 

2. Identifying disrupted biological pathways in epilepsy by looking for significant 

representation of pathway-associated genes among those differentially expressed in 

the condition. 

3. Pinpointing cell-types that are enriched for different types of epilepsy by correlating 

genetic data from epilepsy GWAS and WES with cell-type-specific gene expression 

profiles. 
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4. Determining potential therapeutic gene targets by analyzing data from CRISPRi/a 

screens within a causal analysis framework to predict genes with influential roles in 

epilepsy. 

5. Using public databases to search for approved drugs that modulate the activity of 

identified target genes and that could be repurposed for epilepsy. 

6. Combine this information with previously described findings from the mouse study to 

uncover broader convergent mechanisms that could offer better opportunities for 

therapeutic success.  

7. Incorporate epigenetic information to potentially increase insights into the identified 

genes and cell-types and their regulation. 
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4.2 Methods 

A detailed summary of the snRNA-sequencing analysis pipeline can be found in Chapter 2.2 

and summarised again in Chapter 3.2.6.  

 

4.2.1 Sample Selection 

Control samples were received and snap-frozen in liquid nitrogen vapour for 20 minutes and 

then stored in -80C freezer for long term at the Imperial Brain Bank. Full ethical approvals 

were received and ethical regulations were agreed by the Imperial College research ethics 

committee regarding the use of human post-mortem tissue samples. Immunohistochemistry 

was undertaken on all samples and assessed for beta-amyloid, Tau, TDP43, alpha synuclein 

and p62. In the selection of controls, samples were excluded if patients had a pre-mortem 

history of neurological or psychiatric disease or if there was any evidence of 

neurodegenerative or other significant disease processes. Post-mortem samples were matched 

as closely as possible by age, sex and brain region to the epilepsy samples.  

Samples from individuals with HS and FCD were obtained from the UCL Tissue Bank and 

were received fresh frozen. FCD samples were from patients with both Type IIa and Type IIb 

FCD. 

4.2.2 Tissue sectioning 

 For samples from patients with TLE – tissue was taken from both the hippocampus 

and the Middle Temporal Gyrus (MTG).  

 For samples from patients with FCD – tissue was taken from the pre-frontal cortex 

(PFC). 

 For control samples – tissue was taken from the hippocampus, MTG and PFC (from 

the same patients). 
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Figure 4.2 – Figures to illustrates the brain regions used in this study. The regions 

highlighted in red represent the tissue sampled in this analysis. a) The structure shown in this 

figure is the Hippocampus which is located deep within the medial temporal lobe of the 

brain. b) the Middle Temporal Gyrus which is located on the lateral side of the temporal lobe 

and c) the Pre-Frontal Cortex and is located in the frontal lobe of the brain directly behind 

the forehead. 

 

4.2.3 Isolation of nuclei 

The nuclei isolation protocol that was used was adapted from the 10x genomics protocol 

(164), and the Krishnaswami et al protocol (100). (Described in 3.2.3). Suspensions of single 

nuclei were prepared by Jeong Hun Ko (laboratory technician in the Johnson group).  

 

4.2.4 Genotyping 

DNA from all samples was genotyped using the Illumina 483 Global Screening Array v2.0 at 

Imperial College London. PLINK (version 1.90b6.18) (214) was used to call sample 

genotyped using the default settings by Yifei Yang at Imperial College. The genotyped data 

a b c 
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was mapped to the hg38 reference genome using bcftools (version 1.9) with the fixref plugin 

(-m flip option) (215). Imputation was performed on the Michigan Imputation Server (version 

1.6.3) using Haplotype Reference Consortium (version r1.1) (216)reference panel of 

European population with a pre-phasing using Eagle (version 2.4)(217). Only SNPs with 

imputation score r2 >0.8 were kept.  

 

4.2.5 Data Generation 

snRNA-sequencing and snATAC-seq data was generated using the 10x Chromium Next 

GEM Single-cell Multiome ATAC + Gene Expression kit, targeting 10,000 nuclei per 

sample. This kit profiles RNA-sequencing and ATAC-seq simultaneously from the same 

single nuclei. Nuclei are first transposed in a bulk solution with a Transposase which 

fragments accessible DNA and adds adaptor sequences. Nuclei are then portioned into Gel 

Beads-in-emulsions (GEMs) using a microfluidic chip. Each GEM contains unique 10x 

barcodes, which index both DNA and cDNA. Next lysis and reverse transcription of mRNA 

within GEMs produces barcoded cDNA while transposed DNA is also barcode. 

Silane magnetic beads purify the mix and isolate barcode DNA and cDNA, which are then 

amplified using PCR with P7 sample index sequences. This results into types of library: 

ATAC libraries with double stranded DNA, with standard Illumina paired-end constructs 

with P5 and P7 adaptors, and gene expression libraries which contain a cDNA insert also 

with standard Illumina paired-end constructs with P5 and P7 adaptors. (Figure 4.3). 

Libraries were sequenced using the Illumina NovaSeq 6000 system at a minimum sequencing 

depth of 25,000 paired-end reads per nucleus for GEX and ATAC. The data was sequenced 

across 31 lanes, with two samples pooled per lane (164). 
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Figure 4.3 - Workflow for Chromium Single-cell Multiome ATAC + Gene Expression. 

(a) Depicts the 10x single-cell nuclei Barcoded Gel Beads. (b) Demonstrates the partitioning 

of transposed nuclei into Gel Beads-in-emulsion (GEMs) within a microfluidic chip. (c) 

Shows the library construction for ATAC and gene expression (GEX) sequencing. The top 

diagram represents the ATAC library and the bottom diagram illustrates the GEX library. 

This figure showcases the integrated approach of capturing both chromatin accessibility and 

gene expression profiles from the same single nuclei. 

 

a b 

c 
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4.2.6 Mapping 

Sequenced reads (FASTQ) are mapped to the genome using Cell Ranger ARC (v 2.0.0), a 

specialised analysis pipeline that processes Chromium Single-cell Multiome ATAC + Gene 

Expression sequencing data. The function cellranger-arc count is used to perform alignment, 

peak calling and barcode counting. Reads were mapped to to GRCh38 (GENCODE 

v32/Ensembl 98) genome using gene annotations from Ensembl v98 (104). The reference 

transcriptome used in the mapping downloaded from 

https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest/. 

 

4.2.6.1 Demultiplexing 

Sequenced reads were demultiplexed based on the genotypes of each sample using the 

Demuxlet algorithm with the default settings (218). Demuxlet implements a statistical model 

which uses the genetic variation in the samples to assign each cell in the pooled lanes to a 

sample. It does this by calculating the probability of observing reads overlapping a set of 

SNPs from each cell. It then uses maximum likelihood to determine the most likely source of 

each cell in a droplet. Demuxlet can also identify doublets which are later removed from the 

downstream analysis. 

 

4.2.6.2 Peak Calling 

Peak calling is the process in which regions of open chromatin are identified in snATAC-seq 

data. Once the reads have been sequenced and aligned to the genome, the Cell Ranger 

algorithm identifies regions with a higher density of fragments than expected and calls them 

as “open” regions. The background distribution of fragments is also modelled to identify a 

significant threshold for peaks and those below the threshold are removed. Once peaks have 

been identified, fragments are then quantified per peak.  

https://support.10xgenomics.com/single-cell-gene-expression/software/downloads/latest/


 

 

 161 

 

4.2.7 Data Processing and Quality Control 

snRNA-sequencing data and snATAC-seq data are initially processed individually and then 

combined after the data has been filtered and integrated separately as recommended by the 

Seurat pipeline. 

4.2.7.1 RNA-sequencing  

RNA-sequencing was processed according to the steps summarised in Chapter 3.2.6 and 

detailed in Chapter 2.2.  

4.2.7.2 ATAC-seq  

Processing and quality control of snRNA-sequencing data was performed using the following 

steps. 

1. Filtering: Cells which have been filtered out during the snRNA-sequencing processing 

steps are first removed from the snATAC-seq data. As both data sets are coming from 

the same cells within the same droplet, if a droplet has been called as “empty”, a 

doublet or low quality in one dataset, it should be removed from both. 

2. Quality Control: Next, ATAC-seq QC metrics are calculated using the R package 

Signac (v1.5.0) (219) within the Seurat (v4.0.0) package. These include nucleosome 

binding and TSS enrichment scores which predict the quality of the ATAC-seq data. 

The nucleosome signal reflects the positioning if nucleosomes across the genome, 

nucleosomes should be less tightly packed in areas of the genome with more open 

chromatin. The approximate ratio of mono-nucleosomal to nucleosome-free 

fragments is calculated and cells with a score < 2 are filtered out. The Transcriptional 

Start Site (TSS) score is a metric that quantifies the degree of enrichment of 

sequencing reads around the transcriptional start sites of genes. This indicates the 

specificity of the chromatin accessibility assay and reflects how well the regulatory 



 

 

 162 

regions are being captured. This was defined by the ENCODE project (220). Cells 

with TSS > 2 are filtered out. The blacklist fraction refers to the set of genomic 

regions that are typically excluded due to their potential to produce artefactual signals 

and decrease the quality of the data. Cells with a blacklist ration of >0.05 were also 

removed. These regions are defined by ENCODE for GRCh38 (220). Filtering is also 

applied to remove peaks with counts >30000 and <2500 as these contribute to noise 

and are unlikely informative about true signals of chromatin accessibility.  

3. Normalisation: Signac is then used to perform term frequency-inverse document 

frequency (TF-IDF) normalization. This technique consists of two steps. The first is a 

normalisation of the binary accessibility matrix which is the “term frequency”. This It 

then calculates how unique the accessibility of a region is across all cells in the data, 

this is the “inverse document frequency”, cells with a higher “IDF” have are more 

unique and therefore have more impact in identifying particular cell-types. These 

scores are then used to transform the count accessibility matrix to normalise the 

profiles. This is then followed by a dimensionality reduction technique; singular value 

decomposition (SVD) which will reduce the data to the most important axes which is 

then be used downstream doe clustering (221). 

4. Peak unification: Before merging multiple ATAC-seq samples, a unified set of peaks 

must be created. Peaks are unlikely to be exactly same from sample to sample if peak 

calling is performed individually and so a common set of peaks should be used across 

the whole dataset. To create a common peak set, the reduce() function from the 

GenomicRanges package is used to join peaks that overlap or are nearby (within 

1000bp). The fragments are then re-quantified based on this new unified peak set. 

5. Integration: Signac uses Latent Semantic Integration (LSI) to integrate snATAC-seq 

data across samples. LSI transforms the high-dimensional data into a lower 
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dimensional space by capturing the latent structure within the data. This is done by 

first calculating integration anchors, which are genomic regions with consistent 

accessibility patterns across samples. These are used as reference points to align the 

cells and samples. Accessibility profiles are first represented as vectors which 

quantify the accessibility of each region in each sample. Dimensionality reduction 

then retains the most informative features and shared patterns can be identified. The 

LSI embeddings capture the regulatory patterns which are shared across samples and 

these can be used to cluster cells.  

 

4.2.8 Weighted Nearest Neighbor (WNN) 

Once the snRNA-sequencing and snTAC-seq have been individually processed, Weighted 

Nearest Neighbor (WNN) integration is applied to integrate the two datasets using co-

embedding. This is applied within Seurat package and can be used to combine many types of 

multimodal technology. WNN is an unsupervised approach that aims to harmonize multiple 

datasets by calculating “weights” that reflect the information of each modality and determine 

the relative importance. It starts by aligning the cells using a graph-based k-nearest neighbour 

approach for each dataset. It creates networks which are weighted using a combination of 

cell-cell similarity and dataset specific weights, and identifies a shared embedding space to 

align cells from different datasets based on their similarities to create a joint definition of 

cellular state (222). Once the data has been jointly clustered, the annotation steps described in 

2.2.6 are applied to assign cell-types to clusters. 

 

4.2.9 Downstream Analysis 

The downstream analysis performed on the snRNA-sequencing data is performed as 

described in Chapter 3.2.8–3.2.9.  
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These include: Functional enrichment, enrichment of mendelian epilepsy genes, association 

of heritability, CRISPR brain analysis and intersection with public databases.  

4.2.10 Genes4Epilepsy  

Genes4Epilepsy is a resource that provides a comprehensive list of genes implicated in 

monogenic epilepsies compiled from various epilepsy gene panels (223). A master list was 

manually curated from four clinical diagnostic panels, and genes were annotated for 

inheritance patterns and associated broad epilepsy phenotypes. This identified over 900 genes 

with monogenic links to epilepsy, predominantly developmental and epileptic 

encephalopathies. There are also a small fraction of these genes which are associated with 

common epilepsy syndromes. This is list is publicly available and regularly updated and can 

be accessed through https://github.com/bahlolab/genes4epilepsy. 

 

4.2.11 Differential Accessibility 

Differential accessibility (DA) analysis is a computational method used to identify 

differences in chromatin accessibility between different conditions or experimental groups. 

This is a parallel analysis to differential expression analysis but using ATAC-seq data. The 

goal of differential accessibility analysis is to detect genomic regions that exhibit significant 

changes in chromatin accessibility, as this can indicate potential regulatory elements or 

functional differences associated with disease. This can provide valuable insights into the 

regulatory landscape of disease and identify potential candidate regions involved. The Seurat 

package was used to find differentially accessible peaks between the 3 pairwise comparisons 

in this study. This uses the Likelihood Ratio test to identify differentially accessible regions.  

After differentially accessible peaks are identified, the ClosestFeature() function in Seurat is 

used to assign peaks to their closest gene. 

 

https://github.com/bahlolab/genes4epilepsy
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4.2.12 Computational Tools 

The computational analysis in this project was performed on the Imperial High Performance 

Computer from the Imperial College Research Computing Service, DOI: 10.14469/hpc/2232. 

 

4.2.13 Code availability 

The code used in this analysis can be found at https://github.com/Mybzd/RNA-

sequencing_analysis/. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://github.com/Mybzd/RNAseq_analysis/
https://github.com/Mybzd/RNAseq_analysis/
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4.3 Results 

4.3.1 Study summary  

In this study, combined snRNA-sequencing and snATAC-seq was performed on 53 patient 

samples representing two distinct forms of epilepsy, with tissue sourced from three different 

brain regions. Comparative control samples from corresponding brain regions were also 

included in the analysis as summarised in Table 1. For Hippocampal Sclerosis (HS), a focal 

epilepsy which originates in the hippocampus located in the medial temporal lobe of the 

brain, two brain regions were used; the hippocampus (n=9) and MTG (n=9). For Focal 

Cortical Dysplasia (FCD), which most commonly occurs in the frontal cortex, samples were 

sampled from the PFC (n=6) where FCD lesions usually occur. Control samples were taken 

from the same three brain regions of the patients; hippocampus (n=9), MTG (n=10), and PFC 

(n=10). Samples were pooled for sequencing and demultiplexed by their genotyped, before 

they were processed through a series of quality control and filtering steps. A total of 297,887 

single nuclei were identified across the 53 samples, which were taken from 25 individuals. 

On average each sample yielded 5,048 cells, with an average of 1,289 genes detected per cell. 

The epilepsy samples were surgical fresh frozen and originated from the UCL Brain Bank 

and control samples were post-mortem and prepared by the Imperial Brain Bank. snRNA-

sequencing and snATAC-seq samples were integrated on a joint graph using Weighted 

Nearest Neighbour (WNN) (222) to minimise variance arising from sample origin and brain 

region and clustered using the Louvain algorithm. 
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Table 4.1 – Overview of samples used in this study. This table provides a summary of the 

brain samples used in this analysis. Three comparisons were conspired in this study, split by 

epilepsy type and brain region; HS (from the hippocampus), HS (from the MTG), and FCD 

(from the PFC). This table provides information on the number of samples from each disease, 

the matched controls, brain region the samples were collected from and the age and sex of 

the patients. 

 

4.3.2 Annotating cell-types 

Cell-clusters were systematically assigned to eight major cell-types (Figure 4.4), using a 

hypergeometric test to test the enrichment of know cell-type markers (176) relative to cluster 

specific markers. To confirm the accuracy of the cluster assignments, canonical cell-type 

specific markers were visualised in a heatmap (Figure 4.4C) to provide confirmation that the 

clusters reflected the expression of unique markers from identified cell-types.  

 

The cell-type composition within the analysed samples was primarily excitatory neurons, foll

owed by oligodendrocytes. In total there were 121,263 excitatory neurons, 31,421 inhibitory 

neurons, 68,000 oligodendrocytes, 31,097 astrocytes, 11,591 microglia, 18,936 oligodendroc

yte precursors (OPCs), and 3,958 Endothelial cells and 800 pericytes (Figure 4.4B).  

 

Group Hippocampal Sclerosis (HS) Hippocampal Sclerosis (MTG) Focal Cortical Dysplasia (FCD)

Sample
Type

Hippocampal 
Sclerosis 

Control
Hippocampal 

Sclerosis 
Control

Focal Cortical 
Dysplasia

Control

Brain 
Region

Hippocampus Hippocampus
Middle Temporal 

Gyrus 
Middle Temporal 

Gyrus 
Prefrontal Cortex Prefrontal Cortex 

Sample 
Number

9 9 9 10 6 10

Sex 5F 4M 5F 4M 5F 4M 4F 6M 3F 3M 4F 6M

Age 21-56 47-87 21-56 47-87 25-61 47-87
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Figure 4.4 – Cell-type annotation of cell-types across brain regions. a) Joint UMAP to show 

the visualization of all annotated cell-type clusters after WNN embedding. Individual nuclei 

are colored by cell-type. b) Pie chart representing the proportions of each cell-type across 

the cells. The dominant cell-type is excitatory neurons followed by oligodendrocytes. c) A 

heatmap to show the gene expression levels of canonical cell-type markers across the cell-

type clusters (down sampled n=200 cells). 

a b 
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4.3.3 Identification of differentially expressed genes in epilepsy 

Following cell-type annotation differential expression (DE) analysis was performed in each 

cell-type separately across the three pairwise comparisons shown in Table 1. DE analysis 

aims to understand transcriptional changes associated with each cell-type in the context of 

disease. DESeq2 (125) was used to perform this analysis across the three pairwise disease-

control comparisons. A “pseudo-bulk” approach is used to first sum gene counts across all 

cells per sample. The comparisons tested were HS (hippocampus) (n=9) vs Control 

(hippocampus) (n=9), HS (MTG) (n=9) vs Control (MTG) (n=10), and FCD (n=6) vs Control 

(PFC) (n=10). In this analysis, only genes with an expression of 3 counts per gene per sample 

were tested to minimise noise from lowly expressed, uninformative genes. Genes were 

considered significant if they were below the FDR threshold of 0.05. Figure 4.5 shows the 

number of DEGs in each comparison in each cell-type, by direction of change. 

Significantly more DEGs are seen in FCD compared to the HS comparisons in most cell-

types except Microglia and Pericytes, for both up- and down- regulated genes. Interestingly, 

endothelial cells exhibited the greatest changes in gene expression in FCD followed by 

excitatory neurones which had 1,280 DEGs in total. In HS, DE was less pronounced in both 

brain regions, however distinct patterns of gene expression could be seen in terms of the 

predominant cell-types. In the hippocampal comparison, the highest DEGs were seen in both 

neuronal cell-types as well as oligodendrocytes. In the MTG on the other hand, neuronal DE 

is very low and the highest number of DEGs are in the glial cell-types Astrocytes and 

Microglia, which are much lower in the hippocampus. This pattern suggest that the different 

brain regions could be contributing distinctly in the formation of hippocampal sclerosis, with 

neuronal abnormalities originating in the hippocampus and glial in the MTG. Generally, there 

was a trend toward more gene upregulation across all comparisons. 
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Figure 4.5 – Heatmaps to show numbers of cell-type specific differentially expressed genes 

across the three comparisons: HS, MTG and FCD. The colour intensity represents the degree 

of differential expression. The right hand panel represents the up-regulated genes and the left 

hand panel represents the down-regulated genes. Genes are considered differentially 

expressed at a threshold of 5% FDR. All results are available in Appendix Table 4. 
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Figure 4.6 – UpSet plots to visualise the overlap of DEGs between the disease comparisons 

and brain regions in each of the 7 cell-types with significantly differentially expressed genes. 

Intersections are shown between up- and down- regulated gene sets separately. The blue dots 

represent gene sets where there are intersecting genes and the red dots represent the 

numbers of genes with no intersections. The size of the gene set is shown on bar plots across 

the top of the panels.  

 

To look for converging molecular signals across different epilepsies, overlaps of the 

differentially expressed gene sets per cell-type are shown in Figure 4.6. Consistent DEGs can 

be see across all three comparisons in the same direction across all the cell-types, suggesting 

there is evidence of common genes being dysregulated across various forms of epilepsy and 

multiple brain regions. The genes that are overlapping across all comparisons in the same 
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direction are detailed in Table 2. These genes indicate a potential commonality in the 

transcriptional changes associated with epilepsy regardless of the type of epilepsy or the 

within the brain. Of these genes, there are several which have been previously connected to 

epilepsy; OSGEP, B3GALNT2, WDFY3, and TCF4 according to the genes4epilepsy gene 

panel (223), a comprehensive resource of genes that have been implicated in various aspects 

of epilepsy. These results indicate a commonality in the transcriptional features of the disease 

regardless of the type of epilepsy or the location within the brain. 
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Table 4.2 – Table to show the numbers of genes that are consistently differentially expressed 

in all comparisons in the different cell-types, and the specific genes that are in common. 

Genes are shown separately for up- and down- regulated separately.  

 

Notably, when considering genes that were convergently DE across two comparisons, more 

differentially genes can be observed in common across the HS and FCD comparison, than the 

CellType Intersection - UP Intersection - DOWN
Excitatory 4 LINC01006 

ZNF337
OSGEP

AC105411.1

10 ANKH
ATXN1

UMAD1
LRRTM3

FRY
PRKD1

STAMBPL1
AL133166.1

SYT16
FLRT2

Inhibitory 1 PDE1A 6 ARID5B
LRRTM3
SLC2A13
LRCH1
STXBP5

AFF2

Astrocytes 12 SMAP2
AHCTF1
PPM1B
ZBTB16
FMNL3
PER1
BCR

SREBF2
AL359232.1
B3GALNT2
SLC19A2
OSGEP

6 YAE1
UTP23
ZBTB1
NPAS2
ABCA1

FAM182A

Microglia 4 KLF7
SREBF2

SLC44A2
CSF2RA

7 WDFY3
PTPRE
BACH1
ARNTL

DNAJC3
HIST1H2AC

GNG10

Oligodendrocytes 12 KLHL5
LINC01006

CSGALNACT1
FMNL3
PER1

ZNF337
FOXP2

AL359232.1
PRKCH

AC012150.1
CSF2RA

OLR1

6 XPO1
SSBP2

APOLD1
TCF4
CD22

SH3RF1

OPC 1 PPP1R13B 8 CLASP1
ZHX2
IGF1R
TOX

MMP16
PDZRN4

ALK
MTSS2

Endothelial 10 PDE1A
FNIP2
FOXO3

LDLRAD4
CERS6

BAIAP2
ADAMTSL4

TIPARP
TIMP3
NR4A1

6 IFNAR1
ARHGAP29

CFH
ABCA1
TGM2
ETS2
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HS and MTG comparison (Table 4.2). This is seen in most cell-types other than Astrocytes 

and Microglia. This could suggest a less active role of the MTG in the manifestation of 

epilepsy, and perhaps a more homeostatic compensatory role through astrocytes and 

microglia. 

For most cell-types, there are no overlaps between upregulated and downregulated genes 

between comparisons, except for in astrocytes and oligodendrocytes where some genes are 

upregulated in the HS and FCD comparisons but downregulated in the MTG. When looking 

at the genes overlapping in just HS and FCD, there are 48 genes which are present in the 

genes4epilepsy list, 27 of which are DE in the neuronal cell-types in both comparisons. 

Conversely, there are only 10 genes in common between HS and MTG which are in the 

genes4epilepsy list and these are all expressed in Microglia, Astrocytes and 

Oligodendrocytes. This again suggest the HS and FCD comparisons are more similar in terms 

of the role they play in seizure generation.  

 

4.3.4 Functional enrichment of cell-type specific DEGs 

Gene Ontology (GO) enrichment analysis can offer a better understanding of the biological 

relevance of DEGs in each cell-type by highlighting mechanisms that link DEGs to diseases 

processes. Over-representation analysis (ORA) was used to annotate the DEGs to biological 

processes, molecular functions and cellular components. The enriched terms were then 

categorised by broader parental terms using sematic similarity analysis (130). Significant 

terms at FDR<0.05 are shown in Figure 4.7. 

In the HS and MTG comparison, GO terms are only functionally enriched in glial cell-types, 

and not neurones, and these are predominantly upregulated. In the FCD, functionally 

enriched terms were seen in all cell-types but microglia where there were very few DEGs 

seen.  
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The “glutaminergic synapse” is seen to be enriched in the upregulated DEGs in microglia, 

oligodendrocytes and endothelial cells in the HS comparison and the FCD comparison, but 

enriched in the downregulated DEGs in the excitatory and inhibitory neurones, and OPCs in 

the FCD comparison. Other synapse related terms such as “glutamate receptor signalling 

pathway”, “neurotransmitter receptor activity” and “regulation of membrane potential” are 

also seen to be upregulated in glia in the HS comparison and similarly in the FCD 

comparison. The terms that are significantly enriched in the glial cells in the MTG 

comparison on the other hand, are more related to inflammatory and metabolic pathways such 

as “leukocyte differentiation”, “t-cell activation” and “phospholipid metabolic process”, and 

are primarily downregulated, again suggesting a potential compensatory role in the glia of the 

MTG. In the FCD comparison, oligodendrocytes and endothelial cells also show upregulation 

of inflammatory terms such as “phagocytosis” and “adaptive immune response”. 

Oligodendrocytes and Astrocytes show regulation of common signalling related terms, where 

as OPCs show more similar profiles to the neurones where enrichment is only seen in the 

downregulated genes. These findings predominantly point to distinct functions of glial cells 

across the various epilepsy models, as well as highlighting the involvement of the 

glutaminergic synapse in HS and FCD but not in the MTG comparison. 

Figure 4.7 – Over-representation analysis of Gene Ontology (GO) terms across DEGs per 

cell-type in the a) Hippocampal Sclerosis in the hippocampus (HS) b) Hippocampal Sclerosis 

in the MTG (MTG), and Focal Cortical Dysplasia in the PFC. The enrichment of reduced 

GO terms associated with cell-type specific DEGs is down for up-regulated terms (right) and 

down- regulated terms(left) with respect to control. Sematic similarity was used to reduce 

original GO “child” terms, the numbers of which are shown in brackets on the y-axis. The x-

axis represents the -log10(FDR) of the most significant GO term associated with that 

parental term. All results are available in Appendix Table 5. 
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4.3.4 Gene list enrichment results 

To determine whether the cell-type specific DEGs were likely to be disease related, 

enrichment analysis was performed using a hypergeometric test against two sets of known 

epilepsy genes. There were; a set of high confidence monogenic epilepsy genes from a 

Genomics England testing panel (167), and a compiled list of genes with genome-wide 

significant loci from epilepsy susceptibility GWAS (142). These were tested against a 

background gene set of all genes expressed in a particular cell-type. An enrichment is 

considered to be significant at an FDR threshold of 5%, these are shown in Figure 4.8.  

Monogenic epilepsy are only enriched within one cell-type within the DEGs across all 3 

comparisons, and this is downregulated genes in FCD inhibitory neurons. There are more 

enrichments seen in common epilepsy genes GWAS studies; in the HS comparison, the 

upregulated microglial genes are enriched, whereas in the MTG comparison, the 

downregulated excitatory and the upregulated inhibitory DEGs are enriched for common 

epilepsy genes. It is surprising to see enrichment in the neuronal cell-types in MTG as there 

were very few DEGs in these cell-types in this comparison, however these FDR values were 

marginal significant (Inhibitory: FDR=0.049) and (Excitatory: FDR=0.031).  
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Figure 4.8 – Heatmaps to show the enrichment of epilepsy-related gene sets within the DEGs 

across the three DE comparisons. Heatmaps show enrichment FDR values from a fishers 

exact test using a) a set of monogenic genes from Genomics England, which are categorised 

as “green” meaning they have a strong level of evidence linking them to epilepsy, and b) 

genes identified in previous epilepsy GWAS studies. These were tested for enrichment within 

the cell-type and model specific up-(right) and down-(left) regulated DEGs. Heatmaps are 

coloured by degree of significance and nominal significance is indicated using: 

***FDR < 0.001; **FDR ≤ 0.01; *FDR ≤ 0.05. 

b 
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4.3.5 Integration of differentially expressed genes with genetic data 

While differential expression analysis serves as a crucial methodology for elucidating the 

genes and molecular mechanisms that are implicated in disease, observed differentially 

expressed genes between disease and control patients can observed for several reasons. They 

can be causing the disease phenotype, they may be consequences of the disease development 

or they may be simply correlated to the disease. Association of the DEGs with epilepsy 

heritability can help us better understand the relationship of cell-type specific DEGs to the 

disease. To address this, the association between cell-type specific DEGs and epilepsy 

heritability can be assessed through stratified LD score regression (sLDSC) (224). This tool 

leverages summary statistics from large-scale epilepsy GWAS, to determine the enrichment 

of common genetic variants that may be mediating epilepsy risk, assuming that genetic 

variants linked to epilepsy may have a causative role in disease susceptibility. The most 

recent ILAE epilepsy susceptibility GWAS (33) was used to perform this analyses and 

performed for both generalized and focal epilepsies separately, as well as all epilepsy types 

combined. Enrichment was tested for all groups of cell-type specific DEGs (with FDR < 

0.05) across each comparison (Figure 4.9). 

Significant enrichment was observed across most gene sets, and most significantly in the 

upregulated genes in the HS comparison, and FCD comparisons. In HS all the upregulated 

gene sets are significant for generalised epilepsy, and the inhibitory and excitatory for focal 

epilepsy. For the FCDs, all cell-types are significant in the upregulated gene sets in 

generalised epilepsy and astrocytes, microglia and excitatory neurones for the focal epilepsy.  

 There is also high significance in the downregulated gene sets in HS and FCD, most 

significantly in excitatory and inhibitory neurons. In the MTG comparison, the most 

significant results come from the astrocyte and microglia gene sets, where both up- and 

down- regulated genes are enriched for variants from both focal and generalised epilepsies. 
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Neuronal cells did not exhibit significant enrichment in the MTG comparison, emphasising 

the observation that these are less important in the MTG in comparison to HS and FCD. 

Conversely, glial cells particularly microglia and astrocytes are repeatedly implicated in the 

MTG comparison.  
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Figure 4.9 – Association of heritability analysis of cell-type specific DEGs using LD Score 

Regression. Cell-type and model specific DEGs were used to identify genetic association with 

epilepsy risk using ILAE 2022 GWAS studies. The analysis is run for the Focal Epilepsy, 

Generalised Epilepsy and All Epilepsies denoted EPI_FOCAL_2022, EPI_GGE_2022, and 

EPI_ALL_2022. Heatmaps are coloured by degree of significance and nominal significance is 

indicated using: ***FDR < 0.001; **FDR ≤ 0.01; *FDR ≤ 0.05. 

 

 

 

Whilst LDSC analysis can identify whether genes DE in epilepsy are enriched for genetic 

association to the disease, this analysis (and that based on enrichment of known epilepsy 

genes described earlier) do not provide information on directionality of the relationship. As 

well as looking at the enrichment of common variants from GWAS, we can further look at 

the enrichment of rare variants associated with epilepsy previously identified in Whole 

Exome Sequencing (WES) studies. EPI25K (225) is a WES dataset from the ILAE Genomics 

consortium of 30,000 epilepsy patients. This dataset considers epilepsy in four broad 

categories: severe developmental and epileptic encephalopathies (DEEs), genetic generalized 

epilepsy (GGE), non-acquired focal epilepsy (NAFE) and All epilepsy. The available data 

consisted of gene-level association p-values derived from collapsing analysis of deleterious 

rare variants, for each phenotypic category. The tool GSA-SNP2 (169) was then used, to test 

the enrichment of (Chapter 3.3.6) rare variants in the DE gene sets using ranked p-values for 

the following categories of coding variant: Synonymous (Synon), Protein Truncating 

Variants (PTV), missense (EMiss), damaging missense (DamMiss), intolerant missense 

(EInt) and damaging and intolerant missense (EIntDam). The results are summarised in 

Figure 4.10. A convergent significant signature is seen in genes downregulated in astrocytes  
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There was a significant enrichment for DEGs in astrocytes, in all three comparisons. The 

highest significance was seen in upregulated genes in FCD for genes that are preferentially 

impacted by intolerant missense mutations, particularly in DEE and NAFE. 

In DEE in particular, the upregulated genes in FCD were strongly enriched in nearly all cell-

types but OPCs, predominantly in genes impacted by missense, intolerant, and damaging 

mutations. HS and MTG also showed enrichment for the upregulated genes particularly in 

DEE and NAFE. Downregulated genes in HS and MTG also showed significant enrichment 

for genes with damaging and missense variants in DEE. Downregulated genes in HS and 

FCD also showed significant enrichment for genes with damaging and missense variants in 

GGE.  

 

This analysis shows that looking at deleterious high penetrance variants means that we can 

deduce more direct inference of causality between cell-type specific DEGs and epilepsy. 

These results alone do not clarify whether the observed DEGs contribute to the development 

of epilepsy or if they emerge as a result of the body's compensatory, homeostatic responses to 

the disease. Nevertheless, the observation that genes, which when deleteriously mutated are 

known to cause epilepsy, are downregulated in conditions like FCD and HS, implies that their 

reduced expression could play a role in fostering the hyperexcitability characteristic of 

epilepsy. The deleterious genes enriched in upregulated DEGs are more difficult to interpret 

but could imply the involvement of these genes in compensatory homeostatic mechanisms 

which are upregulated as a secondary response to epileptic seizures.  
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Figure 4.10 – Enrichment of heritability of rare variants using GSA-SNP2. These heatmaps 

display results of heritability enrichment of ultra-rare variants associated with epilepsy 

subtypes including (a) All Epilepsy, (b) developmental and epileptic encephalopathies 

(DEEs), (c) severe genetic generalized epilepsy (GGE), and (d) non-acquired focal epilepsy 

(NAFE). The following coding variants were included in the analysis: Synonymous (Synon), 

Protein Truncating Variants (PTV), missense (EMiss), damaging missense (DamMiss), 

intolerant missense (EInt) and damaging and intolerant missense (EIntDam).Heatmaps are 

coloured by degree of significance and nominal significance is indicated using: 

***FDR < 0.001; **FDR ≤ 0.01; *FDR ≤ 0.05. 
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4.3.7 Comparison to mouse data 

In order to identify strongly implicated genes in epilepsy, we looked for signals that are 

convergent across both human and mouse data. snRNA-sequencing data from 85 samples 

from three mouse models of epilepsy were previously analysed using the same computational 

pipeline (Chapter 3). These models were a Pilocarpine induced post-status epileptic model of 

TLE (PILO), a Self-Sustained Status Epilepticus model (SSSE) of temporal lobe epilepsy, 

and a genetic model of Focal Cortical Dysplasia (FCD).  

Due to low numbers of DE genes in the SSSE model, there are no genes that are convergent 

across all models and comparisons, however a few genes converge across HS, MTG, FCD 

human, PILO and FCD mouse in excitatory neurones and inhibitory neurones. The overlaps 

between these comparisons are shown in Figure 4.11. STAMBPL1, SYT16 are downregulated 

in excitatory neurones across all 5 comparisons and ARID5B is downregulated in inhibitory 

neurones in all 5 comparisons. STAMBPL1 is a paralog of STAMBP which is Cytokine-

mediated signal transduction in the JAK-STAT, known to cause early-onset refractory 

epilepsy (226). SYT16 is a prognostic biomarker that has been shown to be correlated with 

immune infiltrates (227). Differentially methylated regions in generalised epilepsy were 

shown to be associated with ARID5B (228). 

Other notable genes that are DE across multiple comparisons include GABRB2 which is 

downregulated in in 4 of the comparisons in inhibitory neurones; HS, FCD human, PILO and 

FCD mouse. Loss of function mutations in GABRB2 as well as other GABA receptor 

subunits are well established in the cause of epilepsy and GABAergic medications are an 

established means of seizure suppression (229). 

PIK3CA and PLCB1 are both genes which have been shown to activate the 

PI3K/AKT/mTOR pathway (230,231). However, these genes were downregulated in 

excitatory neurones in both FCD comparisons and HS. The directionality of effect on mTOR 



 

 

 186 

is opposite in effect to what would be expected of a causal mechanism and could be a 

compensatory response to lower mTOR activation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.11 – Venn diagrams to show the overlapping differentially expressed genes in up- 

and down- regulated genes in excitatory and inhibitory neurones.  

 

In terms of functional annotation of GO terms, upregulated genes in mouse models also 

reveal significant associations with “glutaminergic synapse” within astrocytes and 

downregulated in excitatory neurones as in the human data. The inhibitory neurones, 

however, show an upregulation of “glutaminergic synapse” in mice but downregulation in 

humans. There is a strong implication for inflammatory terms in the excitatory neurones in 



 

 

 187 

mouse FCDs which is not seen the in human data, however, there is indication of 

inflammatory terms in the oligodendrocytes in the human which is not seen in the mouse. 

Neither comparison showed any immune function enrichment in microglial DE. 

 

Enrichment of epilepsy gene lists highlighted a consistent pattern in inhibitory neurones; 

genes associated with monogenic epilepsy were downregulated both comparisons of FCD. 

Similarly, excitatory neurones displayed significant downregulation of genes linked to 

common forms of epilepsy, specifically in the PILO comparison and the MTG comparison.  

Interestingly, upregulated genes in human samples did not show a significant correlation with 

monogenic epilepsy genes but did exhibit enrichment for genes associated with common 

epilepsy in certain cell-types. In contrast, mouse data presented a different profile where 

upregulated genes were significantly enriched for monogenic epilepsy associations but not 

for common epilepsies. This divergence in gene regulation patterns between human and 

mouse models and between monogenic and common epilepsies suggests a complex interplay 

of genetic factors in epilepsy pathogenesis. The findings indicate that while certain genes are 

consistently dysregulated across different forms of epilepsy and species, the regulatory 

mechanisms may differ, pointing to the nuanced nature of gene expression in epilepsy. 

 

Association of heritability analysis showed multiple converging cell-types. In the two FCD 

comparisons, excitatory and inhibitory neurones were significantly enriched in both up- and 

down- regulated gene sets. This was also seen in the PILO and the HS comparison but not in 

the MTG. Astrocytes which were significantly enriched in the downregulated genes in the 

mice comparisons, were also enriched in the downregulated genes in human HS and also the 

MTG, however not in human FCD. The upregulated genes in astrocytes were enriched for 

heritability in HS, MTG human FCD, and PILO in GGE.GSA-SNP2 results also converge 
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across astrocytes in all comparisons; PILO, FCD mouse, HS, MTG and FCD human. This is 

seen in DEE in all comparison and also in GGE for all comparisons but GGE. In the human 

epilepsies, there is also convergence in the upregulated genes across all 3 models, particularly 

in DEE and NAFE, suggesting there is also a compensatory role. These results show a 

potential converging role for astrocytes in epilepsy however the direction which this is acting 

may be more complex. 

 

4.3.8 Differential accessibility analysis 

Differential accessibility analysis compares the differences in chromatin “openness” between 

cell-types or conditions. When chromatin is more open, this allows for more transcription 

factors or other regulatory elements to bind and regulate or influence gene expression. By 

observing how accessible chromatin is in different cell-types or disease states, we can better 

understand the regulatory cellular architecture of the genome and identify potential regions of 

interest for therapeutic target. 

 

Table 4.3 – Table to show the numbers of genes differentially accessible genes identified in 

each cell-type across each of the 3 models. The numbers represent the quantity of genes 

association with open chromatin regions that were considered to be differentially accessible 

between disease and control at FDR<0.05.  
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Table 4.3 describes the numbers of genes associated with significantly (FDR<0.05) 

differentially accessible regions in each cell-type in each comparison. The highest number of 

DA genes is seen in the MTG comparison which is not reflective of the DE. There are a large 

number of open regions in Excitatory neurones and Oligodendrocytes in the MTG 

particularly. Looking at the regions that are open across multiple cell-types can be more 

informative of genes regulating epilepsy. Notably, MTRNR2L1 is the only gene consistently 

differentially accessible across HS, MTG, and FCD comparisons in inhibitory neurons Figure 

4.12. This gene which codes for the Humanin peptide has been shown to have 

neuroprotective anti-apoptotic effects, suggesting a possible role in neuronal viability in the 

context of epilepsy(232). This gene which is downregulated in HS and FCD (FC=-1.02 and 

FC=-0.64) and upregulated in MTG (FC=0.31) could be playing a part in the neuronal loss 

associated with HS and FCDs, and playing a compensatory role in the MTG.  

 

 

 

 

 

 

 

 

 

 

Figure 4.12 – Coverage plots to show the open chromatin of the MTRNR2L1 gene in 

inhibitory neurons. Less open chromatin is observed a) across all epilepsy groups b) between 

epilepsy and control. 

a b 
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This analysis also identified several genes that were commonly DA in the HS and also MTG 

comparisons; 2 in excitatory neurones (PROS1, FASN), 1 in inhibitory neurones (PROS1), 3 

in astrocytes (NBPF1, ZBED4, HIP1), 1 in OPCs (NMT2) and 50 in Oligodendrocytes. Of 

these oligodendrocytes, 4 are known epilepsy genes according to genes4epielspy (KMT2B, 

TSEN54, UBTF, YWHAG) which are all involved in severe forms of childhood epilepsies. 

YWHAG and HIP1 (Figure 4.13) have previously been investigated in connection to 

Williams-Beuren syndrome, an epileptic syndrome which is characterized by a deletion that 

includes these two genes in 95% of cases (233). PROS1, while differentially accessible in the 

neuronal cell-types, is a microglial phagocytic signalling molecule that has been shown to be 

altered in human epileptic tissue which may contribute to the unwanted elimination of cells or 

synapses (234). Notably this was seen in FCD tissue where PROS1 is not significantly DA 

our this analysis.  

 

 

 

 

 

 

 

 

 

Figure 4.13 – Coverage plots to show the open chromatin of the between epilepsy and control 

groups in astrocyets of the genes a) YWHAG and b) HIP1. 

 

a b 
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4.3.9 Intersection of DE and DA 

DA data when combined with DE data offers a more intricate insight into the regulatory of 

genes implicated in epilepsy. Looking at correlations between these datasets may reveal how 

gene expression patterns can be influenced by chromatin accessibility. Genes which exhibit 

both DE and DA are particularly interesting as they may be central to disease mechanisms, 

and may make good candidates for therapeutic targeting. Such integrative approached 

enhance our understanding of the cell-type specific regulatory mechanism involved in 

epilepsy and the multi-dimensional regulation. 

Cross-analysis of the DA and DE genes was performed and genes were intersected for the 

corresponding comparison and corresponding cell-type. The most mutual genes were seen in 

Oligodendrocytes. ZCCHC2 was DE and DA in HS, PROS1 was DE and DA in FCD and 4 

genes (SBP2, PFKFB3, CHKA, EGR) were DE and DA in the MTG comparison. Astrocytes 

in the MTG also had 3 genes that were both DE and DA (HP1BP3, RGS12, LONRF1). Of 

these genes PROS1 has been previously implicated to be altered in FCD, with a suggested 

role in the phagocytosis-signalling pathway (234). CHKA choline kinase alpha, is an enzyme 

that has also been shown to be involved in a neurodevelopmental disorder which causes 

epilepsy (235). These indicate genes are regulators of epilepsy.  

  

Differential accessibility analysis was also applied to all cells across all samples to find genes 

which are differentially accessible in one cell-type that may be involved in epilepsy, but were 

not detected in case-control DA due to low power.  
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4.3.10 CRISPR BRAIN results 

To further investigate the cell-type specific regulation of transcriptional shifts in epilepsy, we 

can look at genes whose perturbation shifts gene expression in a way that impacts the patterns 

of differentially expressed genes. The CRISPRbrain database (See 3.3.7) is a database of 

CRISPRi/a functional experiments for 300 gene perturbations. Using a causal reasoning 

approach developed in the Johnson Lab and detailed in Srivatava et al. (59), the enrichment 

of the DEGs within the perturbation datasets was tested. When DEGS are significantly 

enriched among the genes modulated by the gene perturbation from CRISPRbrain, this 

suggests that the genes can be targeted to impact genes which are DE in epilepsy. Whether 

these genes are upregulated or downregulated can give insights into whether these genes may 

be activating or repressing the disease process (Table 4.4). 

 

 

 

 

 

 

 

 

 

 

Table 4.4 – This table conceptualises how the overlap and directionality between 

differentially expressed genes in epilepsy and gene perturbations can be interpreted to 

provide experimentally testable target hypotheses for modulating the disease. This shows how 

the potential therapeutic strategy can be based on the outcome of the specific perturbation. 

DE direction CRISPRbrain
direction

Perturbation Disease effect Therapeutic strategy

  CRISPRa ACTIVATOR Block / Inverse agonist

  CRISPRa ACTIVATOR Block / Inverse agonist

  CRISPRi ACTIVATOR Block / Inverse agonist

  CRISPRi ACTIVATOR Block / Inverse agonist


 CRISPRa REPRESSOR Agonist


 CRISPRa REPRESSOR Agonist


 CRISPRi REPRESSOR Agonist


 CRISPRi REPRESSOR Agonist
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Within the analytical framework, we assume (for the sake of the interpretation), that 

augmenting DE in epilepsy would have a disease activating effect, whereas mitigating DE 

would be disease repressing. Of course, this interpretation would depend ultimately on the 

relationship between genes DE in epilepsy and the disease, which could be changes that 

underpin the disease (and so need repressing) or homeostatic and compensatory (in which 

case augmenting these expression changes could be disease mitigating. Arrow pointing 

upwards (↑) represents upregulation, while arrow pointing downwards (↓) signifies 

downregulation. 

The transcriptional readouts from CRISPRbrain perturbations from glutaminergic neurones 

and microglia were used to perform enrichment test against the perturbations in the matching 

cell-types. All the gene perturbations were tested and 151 genes were significant at 5% FDR 

in one or comparison or cell-type. The most significant enrichments came from NQO1 which 

was activated using CRISPRa. The downregulated DEGs in the excitatory neurones and as 

well as inhibitory neurones in all three comparisons but most significantly in FCD (Figure 

4.14). This suggests that an inactivation of NQO1 results in the downregulation of genes also 

down-regulated in epilepsy. Based on the reasoning of the previously described framework, 

activating NQO1 should potentially realign the downregulated genes in epilepsy closer to a 

healthy state, suggesting NQO1 as a disease activator. This was also previously seen to be 

activator in mouse models of epilepsy. NQO1 knockout mice have been shown to display 

spontaneous seizures due to alteration in intracellular redox status and altered glucose 

metabolism (191). Functional annotation of the NQO1 perturbation showed that cell redox 

homeostasis was upregulated biological process as well as other metabolic process. A large 

number of GO terms were downregulated, the majority of which are related to synaptic 

function. This suggest NQO1 may be playing a role as an activator of epilepsy throughout 

metabolic abnormalities leading to seizure initiation. It has been shown to act as a pro-
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apoptotic factor and blocking reduces neuronal damage. However, NQO1 is also a target 

enzyme of the Nrf2 pathway, which when activated protects neurones from cell death (236). 

is neuroprotective however and the pathway is suggested to be activated as a response to 

epilepsy insult (237). NQO1 is also thought to supresses the mTOR pathway through oxygen 

AMPK activation. The mechanisms of NQO1 remain unclear but patients with TLE-HS have 

been shown to have dysfunctional antioxidant stress response and altered NQO1 expression 

due to the Nrf2 pathway (238). Functional annotation of the genes that are downregulated 

when NQO1 is activated include “synaptic transmission, GABAergic” and “synaptic 

transmission, glutamatergic” as well as “regulation of neurotransmitter levels” and 

“regulation of membrane potential” and other synaptic processes. 
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Figure 4.14 – Scatter plot to show the relationship between Impact Rank and -log10(FDR) 

for all significantly enriched gene perturbations, across different experimental models and 

conditions. a) The scatter plot is coloured by cell-type and CRISPR perturbation. Excitatory 

and Inhibitory neuron DEGs were tested against the glutaminergic neuron CRISPRi and 

CRISPRa. Microglia DEGs were tested against the microglia CRISPRi perturbations. b) The 

scatter plot is coloured by the mouse model the DEGs were identified in. 

 

Other highly significant genes that have been implicated include SOX5, and UBA5 which are 

known monogenic epilepsy gene from panels (223,239). Of the significant genes, 23 intersect 

with the known epilepsy gene list from Genes4Epilepsy, showing that this method has 

identified many epilepsy genes. HTT when inactivated results in the downregulation of genes 

a b 
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which are upregulated in epilepsy also differentially accessible in excitatory neurons and 

Oligodendrocytes in the MTG comparison. This gene has been shown to promote neuronal 

survival following seizures (240).  

 

4.3.11 Intersections with interaction databases 

Repurposing existing drugs is a strategic approach to speed up the drug development process, 

given the long and costly process of identifying and testing new drugs. To identify pre-

existing drug candidates, significant genes were cross-referenced with a database cataloguing 

known gene-ligand interactions, the IU/Pharm database.  

Using this database, 28 of the significant genes were found to have already established ligand 

interactions. With the aim of drug repurposing in mind, we focused on genes linked to 

already approved drugs. Out of the 28 identified genes, 9 genes had interactions with drugs 

that have already received approval for use in humans (Table 4.5). 

 

Notably, one of these genes is CSF1R which was previously identified by the Johnson lab 

(18) as a potential therapeutic target in epilepsy through a framework known as the Causal 

Reasoning Analytical Framework for Target discovery (CRAFT), which used causal 

reasoning to predict cell membrane receptors that could influence gene expression in disease. 

CRAFT predicted that the blockage of CSF1R could have a therapeutic effect in attenuating 

seizures. CRISPRa perturbation of the gene IGF1R which demonstrated an overlap with the 

downregulated DEGs in the FCD and HS excitatory neurones. This suggests that an 

inactivation of IGF1R results in the downregulation of genes also down-regulated in epilepsy. 

This suggest inhibiting IGF1R should potentially realign the downregulated genes in epilepsy 

closer to a healthy state, suggesting IGF1R as a disease activator. This aligns with what is 

seen in the literature as the IGF-1 receptor has been shown to enhance hippocampal 
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excitatory and seizure activity through IGF-1 receptor-mediated mechanisms in the epileptic 

brain (241). 
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Table 4.5 – This table shows the significant genes found to have pre-existing ligand 

interactions, and the number of the ligands from the IU/PHAR database. It further provides 

details on the specific ligands which are approved for use in humans. Additional information 

is given regarding whether these gene targets are known epilepsy genes and if they are listed 

in the PDE3 database. 

Gene Number of Known Ligands Number of Approved Ligands Approved Ligands Known Epilepsy Gene PDE3 Database Mouse

ACE 25 21

benazepril, benazeprilat, 
captopril, cilazapril, enalapril, 

enalaprilat, fosinopril, 
imidapril, imidaprilat, lisinopril, 

moexipril, perindopril, 
perindoprilat, quinaprilat, 

ramipril, ramiprilat, spirapril, 
spiraprilat, trandolapril, 

trandolaprilat, zofenopril

No captopril, enalapril Yes

BCL2L1 6 1 venetoclax No No Yes

GABRG3 2 0 No No Yes

INSR 9 3 insulin, brigatinib, ceritinib No No Yes

NTRK1 30 2 gilteritinib, larotrectinib No No Yes

NUAK1 7 0 No No Yes

CASP3 8 0 No No Yes

SLC2A3 1 0 No No Yes

CCR5 37 1 maraviroc No No Yes

HDAC9 14 5

belinostat, belinostat, 
panobinostat, romidepsin, 

vorinostat
No No Yes

NTRK2 14 0 Yes No Yes

MAP3K12 6 0 No No Yes

TAF1 1 0 No No Yes

BCL2 10 1 venetoclax No No Yes

CTSD 5 0 Yes No Yes

CDK12 2 0 No No Yes

EPOR 3 2 erythropoietin, peginesatide No No Yes

MAPK14 31 0 No No Yes

IGF1R 21 5

insulin-like growth factor 1, 
teprotumumab, 

teprotumumab, brigatinib, 
ceritinib

No No No

MVK 9 0 No No No

CYP46A1 1 0 No No No

ATP1A1 4 4
acetyldigitoxin, deslanoside, 

digitoxin, digoxin Yes digoxin No

CSF1R 46 3 pazopanib, pexidartinib, G-CSF Yes No No

CSF2RA 2 0 No No No

CSNK2A1 3 0 Yes No No

MAP2K6 1 0 No No No

INPP5D 2 0 No No No

TGFBR2 7 0 No No No
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To further validate these targets and their interactions, these gene targets were intersected 

with the PDE3 database (Table 4.6). This is a curated database of all drugs that have been 

used and proven effective in the treatment of epilepsy in either humans or animal models of 

epilepsy (175). Data from the PDE3 database highlighted three drugs, Captopril and 

Enalapril, and Digoxin, two of which target the ACE (Angiotensin-converting enzyme 

inhibitor) gene, and the other of which targets ATP1A1. An increasing number of studies 

point to a significant contribution of Na+-K+-ATPase to regulating neuronal excitability in 

epilepsy (242,243). Digoxin, a drug which has previously been used to treat various heart 

conditions works by increasing the force of the hearts muscle contractions, and slowing the 

conductions of electricals signals in the heart. It works by inhibiting the Na+-K+-ATPase in 

heart cells which can lead to an increase in intracellular sodium which in turn promotes the 

intracellular calcium (244,245). It also has been shown to display the same effects on the 

nervous system (242). These intersections act as a way of validating the methods by showing 

these drugs really can have a therapeutic impact on epilepsy. 

 

 

Table 4.6 – This table shows the intersection of the PDE3 database with the significant 

results from the CRISPRbrain analysis in the human brain. These are drugs that were 

approved for other diseases but were repurposed and found to be effective in the treatment of 

epilepsy.  

Name Indications First licensed 
(year)

Prescription 
items dispensed 

in England in 
2016 (number)

Number of 
studies

Number of 
unique models

Models AEDs enhanced

Captopril

Hypertension; 
chronic heart 

failure; diabetic 
nephropathy

1981 102,804 3 3 PTZ, AUD, Other

Carbamazepine, 
Lamotrigine, 
Topiramate, 

Valproate, Other

Enalapril Hypertension; 
heart failure

1985 1,871,692 1 1 Other

Carbamazepine, 
Lamotrigine, 
Topiramate, 

Valproate, Other

Digoxin
Heart failure; 

supraventricular 
arrhythmia

1975 3,297,466 1 2 Electro, Other
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4.3.12 Comparison to mouse 

Figure 4.15 shows all the genes (198) that were significant across all 6 comparisons, and 

which models there were. There are several genes that were significant across 5 of these 

comparisons. The 33 genes highlighted in red are genes which overlapped with the 

genes4epilepsy list of genes known to be implicated in epilepsy. Of the significant human 

targets, 28 genes had known target-ligand interactions, 18 of those interactions were also seen 

in the mouse, and 10 were unique to the human data. Looking at genes that are significant in 

both comparisons might give us more confidence in the importance of these genes in 

epilepsy. Four genes; EFNA5, GBX2, TFAM, EEF2 were significant in all comparisons 27 of 

these genes were significant in at least 5 of the comparisons albeit not always in the same 

direction. EFNA5 has previously implicated in human TLE (246) and EEF2 has been shown 

to regulate excitation in mice (247). 

 

MAT2A which was the most significant gene in the mouse analysis for FCD (P= 5.04E-14) is 

also highly significant in human FCD (1.75E-07) in excitatory neurones. NQO1 which was 

the most significant in human (P=5.74E-18) was also highly significant in mouse (P=5.01E-

13) 
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Figure 4.15 – Dot plot to show 

weights of significant 

CRISPRbrain enrichments in 

mouse and human data. Each 

row represents a significant 

gene, with selected genes 

highlighted in red to indicate 

their presence in the 

genes4epilepsy gene list. 

Colour intensity of dot 

represents -log10(FDR) of 

enrichment and size of dot 

represents weight.  
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4.4 Discussion 

This work builds upon the previous Chapter which used mouse models of epilepsy to identify 

cell-types associated with epilepsy risk. By integrating human and mouse data, we aimed to 

pinpoint mechanisms that consistently influence disease across species. While animal models 

are crucial in the understanding of epilepsy, there are inherent challenges with species 

differences and the replication of human complexity and discrepancies in cellular 

composition and brain structure may affect seizure generation and treatment response and 

therefore translatability. However, alignment of results across three mouse models and two 

human epilepsy types offers compelling evidence of shared pathogenic pathways. 

 

In this study, snRNA-sequencing analyses of human hippocampal sclerosis (HS) and focal 

cortical dysplasia (FCD) identified genes differentially expressed in disease and subsequent 

functional annotation and heritability analysis highlighted the role of astrocytes, in many 

aspects of disease underscoring the possibility of a unified pathogenic mechanism. 

Heritability analysis was used to associate disease risk with astrocytes which may show that 

they have a more driving role in pathogenesis particularly when associated with deleterious 

rare variants.  

 

The involvement of glutamate is another converging signature across the comparisons. 

Glutamate involvement in epilepsy is well known in epilepsy, the glutamate receptors are 

involved in calcium transportation which could be a potential mechanism for hyperactivity. 

Previous single-cell studies have shown that glutamate is one of the strongest dysregulation 

in epilepsy (184). More similarities were seen between HS and FCD compared to MTG 
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which pointed to the direct involvement of HS and FCD regions in seizure initiation in the 

“ictogenic” zones, while MTG may serve a compensatory function to mitigate disease. 

In the mouse, we observe both parallels and divergences with human data, indicating 

potential species-specific roles for glial cells, which could also be a difference in 

compensatory mechanism. Exploring the genes underpinning astrocytic signatures further 

could elucidate their functional relevance in epilepsy. Additionally diving deeper into the 

genes that are driving the convergent signatures in astrocytes could help better elucidate their 

functional relevance in epilepsy. 

 

The CRISPR brain analysis in the human data identified additional targets not previously 

identified in mouse and revealed additional possible drug repurposing opportunities such as 

Digoxin for ATP1A1. 

A targeted CRISPR analysis in astrocytes would be ideal given their significant role in this 

analysis, but current perturbation datasets are lacking astrocyte screens. Given their important 

role of epilepsy, drug targeting of astrocytes may be an important mechanism. CRISPRi data 

from cytokine-induced inflammatory astrocyte screens are available which may provide 

valuable insights into the potential mechanism underlying the roles of astrocytes and their 

roles in maintaining brain homeostasis and their involvement in epilepsy. These functional 

screens include screens to identify transcriptional regulators of lysosome remodelling induced 

by IL-1α+TNF+C1q, cell-surface VCAM1 (a marker of inflammatory activation), screen for 

cell-surface LAMP1 (marker of lysosome exocytosis), and screen for phagocytosis.  

However, CRISPR databases and gene analysis provides a robust strategy for identifying 

potential treatment targets. Experimental validation remains essential, especially given the 

variability in gene expression directionality across models and species. Targeting key 
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regulators demands a nuanced approach to ensure treatment efficacy without unintended 

effects. 

Combined with gene expression data, chromatin accessibility data can be used to quantitively 

associate open chromatin regions to specific gene expression to identify functional 

relationships between cis-regulatory elements disease differential expression reveal insights 

into the roles of enhancers and promoters in disease. Chromatin accessibility is correlated to 

promoters, enhancers and other regulatory regions which provides evidence for regulatory 

gene interaction.  

 

The ATAC-seq data in the study was not seen to be very concordant with the gene expression 

data and there are not many genes found to be DE and DA in the same cell type. However it 

is known that gene expression doesn’t have high overlap with chromatin accessibility. 

The addition of genotyping data to this analysis may give more information about the 

regulation as we can do motif analysis and TF binding.  

A limitation of this analysis is that we associate open chromatin regions to genes by looking 

at which genes they are closest to. This is not always the case in gene regulation and 

regulation elements may be regulating genes further away – particularly in the case of 

enhancers which can be very distal.  

 

4.4.1 Limitations and Future Work 

When performing transcriptomic analysis on diverse groups, it is important to carefully 

consider covariates in the model. These covariates can introduce systematic biases that may 

confound gene expression patterns related to epilepsy, if not appropriately addressed. 

Including covariates in the statistical models, adjusting for batch effects may help to mitigate 

these biases by controlling for the potential confounders and assessing the true associations 
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between gene expression levels and experimental conditions or clinical variables (125). In 

this analysis, we included age and sex as covariates. However, incorporating additional 

variables such as post-mortem intervals (PMI) and seizure frequency could further enhance 

the accuracy and reliability of our findings. 

Considering functional covariates such as seizure frequency or medication status in the study 

of epilepsy could helps distinguish disease-specific molecular signatures from treatment 

effects or seizure consequences. Post-mortem interval (PMI) refers to the time elapsed 

between death and the collection of tissue samples for analysis. PMI can significantly affect 

tissue integrity and quality as longer intervals can lead to degradation of RNA which may 

influence the stability and accuracy of gene expression (248).  Additional tissue data was not 

available in this analysis but should be included in future work to assess other covariates that 

could impact the data. 

 

Additionally, comparing surgical specimens from epilepsy patients with control post-mortem 

samples presents several challenges, this lies in the inherent differences between surgical and 

post-mortem samples. Surgical specimens are typically obtained from living patients 

undergoing treatment, introducing variability related to treatment effects, disease progression, 

and medication history. Post-mortem samples lack the physiological processes and treatments 

affecting gene expression seen in surgical samples, but they are subject to issues like RNA 

degradation which can influence RNA integrity and gene expression profiles. This makes it 

challenging to infer accurate conclusions from the differential expression analysis when all 

the epilepsy samples are surgical and all the control samples are control, we are unable to 

adjust for these differences. Therefore conclusions from these comparisons should be 

considered with caution as common genes and pathways that are found to be DE could also 

be reflecting differences in the tissue collection. 
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Challenges remain in standardizing sample collection protocols and accounting for additional 

variables that may influence gene expression, such as brain region specificity and cell-type 

heterogeneity. This remains a challenge in epilepsy research, as control brain samples must 

always be post-mortem. Furthermore, we cannot use post-mortem epilepsy samples as 

patients often die from comorbid conditions, which can confound the analysis of epilepsy-

specific factors. 

 

While the ATAC-seq data did not yield substantial information in the context of this thesis, it 

can be a useful tool when more carefully applied. The rationale for using ATAC-seq lies in 

its ability to identify open chromatin regions associated with active regulatory elements, such 

as promoters, enhancers, and transcription factor binding sites. As epilepsy is such a complex 

and heterogenous disease, it is likely that there is complex and intricate regulation 

contributing the complexity. This chromatin accessibility data, when combined with gene 

expression profiles, allows for a deeper understanding of how changes in chromatin structure 

influence gene activity (249). One of the key benefits of ATAC-seq, particularly relevant for 

cell-type clustering, is its high sensitivity and resolution, which enables the discrimination of 

distinct cell-types based on their unique chromatin profiles. This is particularly valuable in 

tissues where traditional methods of cell-type identification might be challenging due to 

overlapping markers or subtle differences between cells. It has been shown that in complex 

tissue, chromatin accessibility can better define cell-types and lineages (250). 

However, ATAC-seq has its limitations, particularly when the quality of the data is low, such 

as in this context. There were significant limitations and technical challenges associated with 

optimizing protocols which meant the data was very noisy. ATAC-seq data is extremely 

sparse and working with this data can be computationally demanding. The peak-calling 

process, a critical step in the analysis, can be highly sensitive and affect the final results 
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depending on the methods used. Despite these challenges, the ATAC-seq data will be key for 

future work focused on classifying cell-types at a more refined, subtype-specific level. 
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Chapter 5  

Identification of Dysplastic Neurons  

5.1 Introduction 

Focal cortical dysplasia (FCD) is a severe disease caused by malformation of cortical 

development in the cerebral cortex. It is the most common form of refractory epilepsy in 

children and the second most common form in adults (82). There are several types of FCD 

with a wide range of characteristics and symptoms, the most notable being the presence of 

abnormal neurons called dysplastic or dysmorphic neurones (251). These are usually are 

present in an isolated lesion which is the focus of seizures (252). Seizures are the most 

common symptom of FCD followed by cognitive disability and language delays or visual 

impairments, depending on the area of the brain affected. While FCD is highly associated 

with medically intractable epilepsy, early diagnosis, and treatment for FCD is important and 

can prevent further development of symptoms and improve outcomes. For example, in the 

case of cognitive disability, proper care and therapy can significantly impact patient quality 

of life (199). There are both genetic and acquired factors involved in the development of 

FCD, however the exact cause is not well understood. It is believed to result from a 

disruption in the normal migration of neurones during early brain development (48). The 

mechanisms of how this happens is not well understood and more research is needed to 

develop more effective treatments and better diagnosis.  
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5.1.1 FCD pathology 

FCD involves a range of brain alterations including cellular and molecular changes of 

anatomical features. These involve neuronal alternation such as hypertrophy, gliosis, synaptic 

organisation, inflammation, and structural changes or cell immaturity. The abnormal 

proliferation and organisation of cells in the brain are usually centred around a lesion where 

the abnormal brain tissue is present in patients with FCD (207). These lesions are the 

epileptic zone where seizures originate. The International League Against Epilepsy (ILAE) 

classification scheme is used for characterizing FCDs (Figure 5.1). It can be classified into 

three types and nine subtypes based on severity and characteristics (253). These are: 

- FCD Type I involves cortical abnormalities which may affect any layer of the cortex. 

These are usually more subtle and may not always be detectable by MRI.  

- FCD Type II is more severe and involves the formation of dysplastic neurones and 

sometimes balloon cells. The pronounced cortical abnormalities mean it can more 

easily be detected by MRI. FCD IIa involves only dysplastic neurones whereas FCD 

IIb involves both dysplastic neurones and balloon cells. 

- FCD III and its subtypes were more recently introduced as including the presence of 

other lesions such as hippocampal sclerosis or tumours (254). 
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Figure 5.1 – ILAE classifications of FCD types and subtypes. FCD can be classified into 3 

types with 9 subtypes based on severity and pathology (Image Credit: ILAE)(253). 

 

 

FCD diagnosis involves a combination of neuroimaging, histopathological examination 

through surgical biopsy and clinical symptom evaluation, however it can be difficult to 

diagnose as it is very variable in appearance on MRI depending on the type. Radiological 

characteristics include blurring of grey-white matter due to the presence of abnormal cells 

that extend beyond normal boundaries, cortical thickening due to disorganised and abnormal 

cells and increased signal intensity in the white matter in FCD lesions in some types of 

imaging. The cortical surface may appear irregular die to a lack of normal folding however 

lesions may be subtle and not easily visible on MRI machines (207).  

FCD is one cause of intractable epilepsy, and a significant number (50-80%) of patients 

continue to have seizures even after treatment. Patients often undergo surgery to remove the 

lesions, however many patients continue to have seizures even after resection which suggests 

that other parts of the brain can be affected. As with other epilepsies, the available AEDs 

usually target the symptoms rather than the disease (255). Other than epilepsy medication and 

surgical resection, there are limited treatment options available. 

 

5.1.2 Dysplastic Neurones 

Dysplastic or dysmorphic neurones (DNs) are abnormal neuronal cells that have gone 

through abnormal proliferation or development and growth. Identification of DNs (and 

balloons cells (BCs) in FCD Type IIb) usually involves neuropathological observation 

through immunolabelling. There are a number of markers that are used clinically to identify 
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DNs however these are not specific to only dysplastic neurones and are usually a combination 

of developmental markers (Otx1, Pax6, DCX, DCX-like protein, Nestin, MASH1, SOX2, 

Sox3, Oct-4, CRMP4, c-myc, FoxG1, KLF4), mTOR pathway activation markers (such as 

phosphorylated ribosomal S6) and channel/synaptic markers (Synaptophysin, VGlut, 

NKCC1, AQP4, Cx43, NR2B, EEAT3) (256). DN neurones are found to be more intensely 

labelled with proteins such as Neurofilament, NeuN, Tbr1, Map2, and Map1b however 

normal neurones can also be positive, so these are not entirely specific. Molecularly, gene 

expression signatures of FCD have not been reported (83). However it has been shown that 

failure of neuronal differentiation and migration may be as a result of abnormalities in 

transcriptional regulators of gene expression (257,258). 

 

5.1.3 mTOR pathway 

The mammalian target of rapamycin (mTOR) pathway is a central regulator of cellular 

metabolism, growth, proliferation, and survival and has been implicated in many neurological 

disorders including focal cortical dysplasia (FCD). Mutations in the mTOR pathway have 

been seen as the primary cause of genetic FCD and aberrant mTOR signalling is linked to 

drug-resistant epilepsy (259). FCD was first linked to mTOR through its association with 

Tuberous Sclerosis Complex (TSC) or tuberous sclerosis. TSC is a genetic syndrome 

characterised by brain lesions known as “cortical tubers” as well as benign tumours in other 

organs. TSC has been attributed to mutations in genes TSC1 and TSC2 which are tumour 

suppressor genes involved in the mTOR signalling pathway. Similarities between TSC and 

FCD have been described, particularly in the histopathology and disruption of cortical layers 

(260).  

Mutations in mTOR can be familial or sporadic (261) and often involve the PI3/AKT cascade 

(262). Dysmorphic neurons and balloon cells have been shown to have abnormal mTOR 



 

 

 212 

activation and mutations in the mTOR pathway that lead to its overactivation have been 

shown to subsequently lead to FCD pathology. This can be due to mutations in the mTOR 

gene itself or in other genes in the pathway, such as TSC1,TSC2, DEPDC5, NPRL2 and 

NPRL3 (252). The mTOR pathway is shown in Figure 5.2.  

 

Medications that supress the mTOR pathway such as rapamycin have demonstrated potential 

in decreasing seizures and other clinical outcomes (263). Further study of the mTOR pathway 

could lead into improved diagnostic precision and better understanding and identification of 

variants in mTOR pathway genes.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.2 – Illustration of the mTOR pathway to demonstrate the many genes and proteins 

involved. The mTOR pathway plays a role in many important cellular processes such as cell 

stress and growth (Image credit: Kumari et al. 2020 )(264) 
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5.1.4 Aims 

Alongside the development of more effective treatments for interactable epilepsy, there is 

also a need for better diagnosis of FCD and its subtypes. Visualisation of FCD lesions and 

abnormalities can be challenging, which makes diagnosing FCD difficult. In this chapter, we 

aimed to transcriptionally characterise dysplastic neurones by analysing both mouse and 

human FCD samples. Our goal was to discover biomarkers of dysplastic neurones by 

identifying more specific markers that could be used for better identification of FCD in 

clinical settings. Additionally, a better characterisation of dysplastic neurones could 

potentially provide insights into the mechanisms leading to the abnormalities and therefore 

the underlying mechanism of FCD. As the mouse model of FCD in this study is genetically 

induced, we are able to precisely identify which cells in the data are dysplastic. These cells 

could then be characterised and ideally used to identify dysplastic neurones in the human 

tissue. 
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5.2 Methods 

5.2.1 Mouse model of FCD 

The experimental mouse model of FCD was generated by UCB Pharma using in utero 

electroporation as previously described (265,266). Briefly, embryos of pregnant WT mice are 

removed at E15 and injected with the DNA of interest. These are plasmids with florescent 

enhancer constructs, which are then injected into the ventricles of the embryos to target 

neuronal progenitors. Transfection of sequences is performed using forceps-type electrodes, 

and embryos are then implanted back in into the mice. Histopathology is then used to observe 

the expression of the mutated protein in the mouse brain. This showed that the mice 

recapitulated human pathophysiology of FCD including focal cortical disorganisation, neural 

migration, cortical dyslamination and dysplastic neurons. Spontaneous and recurrent seizures 

were also observed using video-EEG.  

The plasmids sequences implanted encode a constitutively active form of the Rheb 

gene (RhebCA) which canonically activates the mTOR signalling pathway and increases the 

activity of mTORC1. mTOR activity is increased in the layer 2/3 neurons of the medial 

prefrontal cortex which causes tonic-clonic seizures. Samples are then collected when the 

mice are 3 months old. The electroporation targeted a subset of neural progenitors at day E15 

in the cortex which allows preferential targeting of neural progenitor cells that will generate 

layer 2/3 pyramidal neurones in the Pre-Frontal Cortex (PFC). As the transfection was limited 

to the neural progenitor stage, only neuronal cells should harbour the introduced plasmid and 

subsequently become dysplastic. This is therefore a model of FCD Type IIa as we should not 

expect to see the transfection of any non-neuronal cells and thus the presence of balloon cells. 

Histopathology was then used to confirm the presence of dysplastic neurones in these mice. 

These are identified by observing phosphorylated S6 protein levels which is a downstream 

effector of mTOR.  
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The mouse samples used in this study are summarised in Table 3. These include; FCD 

samples from the lesion transfected with the Rheb plasmid (n=15), FCD samples from the 

non-transfected side of the cortex (n=7) (contralateral), Sham samples which were transfected 

with a control plasmid (n=7), and control pre-frontal cortex samples not transfected with 

plasmids (n=8). This data was generated in two batches. Further information on the 

processing of these samples is described in Chapter 3. 

 

 

Table 5.1 – Summary of mouse FCD samples used in this analysis. Data was generated in 

two batches from 37 samples in total. 

 

5.2.2 BBmap 

To identify cells that were transfected with the Rheb or Control plasmids, the sequences of 

the plasmids were aligned against the single-nucleus sequencing data. The tool BBmap was 

used to map the brain tissue snRNA-sequencing reads sequences to the plasmid sequences 

(Figure 5.3) (267). This is a splice-aware aligning software that can accurately and quickly 

map reads with high precision. The command BBsplit was used to map snRNA-sequencing 

reads to multiple plasmid sequences. This takes an input of plasmid sequences in a FASTA 

file and BAM files from the FCD tissue. BBsplit unambiguously maps reads that only belong 

Model FCD (Batch 1) FCD (Batch 2)

Sample
Type

Transfected
FCD Non-transfected FCD Transfected

Sham
Transfected

FCD
Non-transfected 

Control

Brain 
Region

Prefrontal Cortex Prefrontal Cortex 
(contralateral)

Prefrontal Cortex Prefrontal Cortex Prefrontal Cortex

Sample 
Number

7 7 7 8 8
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to one the plasmid sequences and quantifies how many reads are in each. Reads were mapped 

to the following parts of the plasmid sequences. 

 

FCD Plasmids:  

- SV40polyA (192bp) 

- GFP reporter (720bp) 

- Rheb(S16H) (with mutation) (181bp) 

Control Plasmids 

- SV40polyA (192bp) 

- RFP reporter (714bp) 

 

As these sequences are not expected to be found naturally occurring in the genome, if there is 

a match with the data, then this means that cell has been transfected with a plasmid. We 

confirmed that there was no other matches to sequences in the genome by using BLAST 

(Basic Local Alignment Search Tool), a tool used for searching and matching 

sequences(268). As Rheb is natively expressed in the genome, only sequences that would 

overlap with the mutation in the Rheb sequence were considered. The base change in the 

mutated Rheb is highlighted below:  

 

 

As the 10x single-nucleus sequence fragments are only 92bp long, the Rheb sequence was 

taken with 90bp either side of the mutation. Only 100% matched reads were considered. 

Once sequences were mapped to plasmids, the reads were attributed to barcodes in the final 

filtered data (Chapter 3) and quantified per cell. 

 

cggcatgtcggtctgt
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Figure 5.3 – Transfected plasmids used in this study. a) Control plasmid implanted into 

control mice b) Rheb plasmid implanted into FCD mice which causes mTOR activation. 

a 

b 
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5.2.3 Human FCD samples  

The human FCD samples used in this analysis were provide by the UCL Brain Bank. These 

are a mixture of FCD Type IIa and Type IIb from patients who have undergone epilepsy 

surgery. Post-mortem pre-frontal cortex samples from the Imperial brain bank were used as 

controls. Further information on the processing of these samples is described in Chapter 4. 

 

 

 

 

 

Table 5.2 – Summary of human samples used in this analysis. 

 

5.2.4 Downstream analysis 

The pre-processing and quality control steps of the samples used in this analysis was 

described in Chapter 2 and Chapter 3.2. The downstream analysis including differential 

expression and functional annotation was also performed as described in Chapters 3 & 4. 

 

 

 

 

Group Focal Cortical Dysplasia (FCD)

Sample
Type

Focal Cortical 
Dysplasia

Control

Brain 
Region

Prefrontal Cortex Prefrontal Cortex 

Sample 
Number

6 10
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5.3 Results 

5.3.1 Clustering of dysplastic neurons 

To characterise dysplastic neurones (DNs) within the dataset, and attempt to discern 

transcriptional differences from normal neurons, excitatory and inhibitory neurones in the 

data were extracted and clustered separately to all other cell populations. Given that the 

mouse model we use is recapitulating FCD Type IIa, we did not consider balloon cells in this 

analysis as they are not expected to be present in this context. This was performed on both the 

human and the mouse datasets Figure 5.4.  

This revealed that dysplastic neurones did not cluster separately to normal neurones based on 

their transcriptomic signatures alone. This showed that more variation within the dataset 

could be attributed to neuronal subtypes rather than disease state. 
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Figure 5.4 – Clustering of pre-frontal cortex excitatory and inhibitory neurones a) Mouse 

neurones coloured by type a) Mouse neurones coloured by experimental group; FCD and 

FCD2 are FCD mice form batch 1 and batch 2 respectively, non-transfected are samples 

from the contralateral non-transfected brain, ShamF are control mice transfected with 

control plasmids and Cont are non-transfected control mice c) Mouse neurones coloured by 

experimental group d) Human neurones coloured by disease state; FCDE are patients with 

FCD and FCDC are control patients. 

a b 

c d 
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Next, only neurones from FCD samples were clustered and known protein markers of DNs 

were mapped on to the data to see whether DNs expressed these markers transcriptionally in 

different patterns to non-dysplastic neurones (Figure 5.5 & 5.6). We used markers of 

dysplastic neurones that are used clinically in neuropathological annotation. These markers 

are not specific to DNs and are usually used in combination in a clinical setting as they are 

also expressed in normal tissue. This again could not identify a distinct signature that would 

help distinguish DNs, and most of these markers were either expressed across all the 

neurones or were not expressed highly at all. 
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As we could not identify DNs through marker expression alone, we next sought to identify 

dysplastic neurones through the genetic sequencing data. As the mouse FCD samples are 

generated through genetic manipulation by transfection of plasmid sequences, we should be 

able to identify which cells are dysplastic by identifying which cells contain plasmid 

sequences. Considering Rheb is endogenously expressed, we cannot use its expression alone 

to identify transfected cells. Therefore, only sequences overlapping with the introduced 

mutation were considered. To observe that mutated Rheb was only present in the transfected 

FCD samples, we used IGV viewer (269) to confirm the presence of the mutation. Figure 5.7 

shows that this was only present in the FCD samples. The other sample have only native 

Rhebs and should therefore not express the plasmid. 

 

 

 

 

 

 

 

 

 

Figure 5.7 – IGV viewer showing FCD samples transfected with mutated Rheb.  

 

BBmap (267) was then used to map the sequencing reads onto the plasmids considering only 

exact matches. Cells with sequences that matched with the plasmid sequences were identified 

and counted to identify how many dysplastic neurons there were per sample. We assume that 

FCD 

Sham Transfected 

Non-Transfected FCD  

Sequence 
Refseq genes 
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cells containing the plasmids are DNs as they will be overexpressing Rheb. The numbers of 

transfected neurones are shown in Table 5.3.  

 

 

Table 5.3 – Numbers of transfected neurones identified in the mouse data.  

 

The percentage of neurones that are transfected are between 2.7-8.3% in this data. 

Experimentally, ~10% percent of neurones are found to be transfected (160). It is important 

to note however that if a plasmid sequence has not been detected in a cell, this doesn’t mean 

the cell is not dysplastic as single-cell data is sparse with a high dropout rate. This mapping 

also does not account for sequences that may not match 100% due to point mutation or 

sequencing errors. We also see a small number of neurones in the non-transfected control 

group that contain plasmid sequences. This may indicate that ambient RNA has not fully 

been accounted for in the data and that some plasmid sequences have contaminated other 

cells. We also see a small number of glial cells which contain plasmids. It is unclear whether 

this is due to ambient RNA which has not fully been accounted for by correction, or whether 

this is due to mislabelling of neurons that have clustered with other cell-types. 

 

Next, we visualised which cells of the FCD neurones contained plasmid sequences. Figure 7 

shows where the plasmid sequences are mapped in the data. While it appears, there is a 

higher concentration of dysplastic neurones in cluster 0, all other clusters also express 

plasmid sequences and the percentages per cluster are comparable. This did not reveal any 

clusters with transcriptionally distinct signatures. 

FCD (Batch 1) FCD (Batch 2) Transfected Control (Batch 1) Non-Transfected Control (Batch 2)

Non-Transfected Neurons 42,907 50,165 34,064 48,510

Transfected Neurons 2,709 4,539 945 251

% Dysplastic 5.94 8.30 2.70 0.51
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Figure 5.8 – Distribution of dysplastic neurones within data. a) Clustered FCD neurones b) 

Distribution of Dysplastic neurones within clusters c) Percentage of dysplastic neurons (DN) 

per cluster (NN- normal neurons). 

 

b a 

c 



 

 

 227 

5.3.2 Differential Expression of dysplastic neurons 

Next, to attempt to identify markers of dysplastic neurons. Differential expression analysis 

(DEA) between dysplastic and normal neurons in the FCD samples was performed within 

Seurat using the FindMarkers() function which uses a Wilcoxon test to perform DEA. There 

were 89 genes found to be differentially expressed between Dysplastic neurones and Non-

dysplastic FCD neurons. Two of these (Rheb, Nefl) are known markers of DNs mentioned 

above. The top 15 most DE genes are shown in Table 5.4 below. 

 

 

Table 5.4 – Top 15 differentially expressed markers between dysplastic neurons and non-

dysplastic neurons in FCD samples. 

P Value Log2(FC) % Expressed 
(DNs)

% Expressed 
(NNs) 

FDR

Rheb 7.83e-275 0.6589685 0.582 0.398 2.35e-270

Npy 3.00e-144 0.4908736 0.658 0.527 9.03e-140

Cck 9.41e-92 0.3519914 0.766 0.688 2.82e-87

Scg2 2.25e-89 0.3867652 0.584 0.474 6.77e-85

Nefm 6.14e-89 0.3634933 0.395 0.280 1.84e-84

Mif 3.01e-84 0.3105374 0.513 0.393 9.06e-80

Cplx1 3.08e-83 0.3129284 0.446 0.334 9.27e-79

Dbi 3.28e-83 0.3056780 0.401 0.289 9.88e-79

Ubc 1.15e-78 0.3051860 0.431 0.320 3.47e-74

Atp6v1e1 3.78e-73 0.2835312 0.554 0.441 1.13e-68

Uchl1 5.97e-73 0.3140628 0.622 0.531 1.79e-68

Efhd2 4.82e-71 0.2872668 0.449 0.346 1.44e-66

Aldoa 1.11e-70 0.2967180 0.623 0.521 3.36e-66

Prdx5 5.87e-69 0.2692057 0.422 0.314 1.76e-64

Ywhag 5.28e-68 0.2940283 0.585 0.494 1.58e-63
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Functional enrichment the markers was also performed using GO terms (Figure 5.9). 

Biological processes are shown in Figure 5.8. Many processes associated with normal 

neuronal function are downregulated in FCD such as ‘regulation of synapse structure or 

activity’, ‘regulation of synapse structure or activity’, ‘synaptic transmission, glutamatergic’, 

‘synaptic transmission, GABAergic’, and ‘membrane biogenesis, synapse organization’. Ion 

and transmembrane transport and metabolism of nucleosides are upregulated, processes 

which are associated with tumourgenesis and brain function (270,271). 

 

 

Figure 5.9 – Functional annotation of GO terms in markers of dysplastic neurones in FCD 

neurones. Significant biological processes at FDR >5% are shown separately for up and 

down regulate genes. The colours of the bars represent enrichment ratio.  

 

DE was also performed between DNs and all pre-frontal cortex neurones (including sham and 

control), as some FCD neurones may be dysplastic but plasmids were not identified (Table 

5.5). 899 genes were identified as DE (Table 5.4), seven of which are known DN markers; 

Rheb, Slc17a7, Map1b, Rps6, Nefl, Syp, and Dcx.  
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Functional annotation of these genes again showed additional important neuronal processes 

such as ‘dendrite development’ and ‘cognition’ as being downregulated in dysplastic neurons 

(Figure 5.10). Many additional metabolic and redox related terms were upregulated, as well 

as terms related to oxidative stress such as ‘response to oxidative stress’ and ‘reactive oxygen 

species metabolic process’. Alterations in metabolic pathways and oxidative stress have been 

observed in epilepsy both as initiating events and as a response to seizures (79,272). Many 

terms related to protein function including protein export, folding, importing and localisation 

are implicated. Protein aggregation and is associated with many neurodegenerative diseases 

such as Alzheimer’s and Parkinson’s disease which involve the accumulation of misfolded 

proteins which generates toxicity in the cells, ‘toxin transport’ is also seen to be upregulated 

in DNs (273). Interestingly, some terms such as ‘synapse organisation’ and ‘signal release’ 

were both up- and down- regulated, suggesting different genes in the pathways are acting 

differently.  
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Table 5.5 – Top 15 differentially expressed markers between dysplastic neurons and non-

dysplastic neurons in all pre-frontal cortex samples. 

 

 

 

 

 

P Value Log2(FC) % Expressed 
(DNs) 

% Expressed 
(NNs) 

FDR

Scg2 0 0.9676665 0.584 0.317 0

Dbi 0 0.6667104 0.401 0.189 0

Rgs2 0 0.6164991 0.281 0.125 0

Sccpdh 0 0.6070840 0.356 0.164 0

Hpcal4 0 0.6810813 0.456 0.262 0

Trnp1 0 0.6480707 0.374 0.188 0

Efhd2 0 0.6412497 0.449 0.242 0

Rheb 0 0.9981856 0.582 0.301 0

Uchl1 0 0.8032992 0.622 0.408 0

Nptx2 0 0.5928551 0.304 0.143 0

Gpnmb 0 0.4972882 0.122 0.034 0

Npy 0 1.2947318 0.658 0.321 0

Tmsb10 0 0.5943306 0.460 0.252 0

Slc6a5 0 0.4155609 0.107 0.026 0

Thrsp 0 0.4571298 0.170 0.057 0
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Figure 5.10 - Functional annotation of GO terms in markers of dysplastic neurones in both 

FCD and control pre-frontal cortex neurones. Significant biological processes at FDR >5% 

are shown separately for up and down regulate genes. The colours of the bars represent 

enrichment ratio. 
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Finally, enrichment of rare variant from Epi2k WES was performed to see whether markers 

of dysplastic neurons could be associated with deleterious mutations in epilepsy which could 

imply a functional role of DNs in the development of epilepsy. Down-regulated genes were 

enriched for Intolerant mutation in DEE and NAFE (Figure 5.11), suggesting loss-of-function 

mutations in these marker genes may be driving epilepsy. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.11 – Enrichment of heritability of rare variants using GSA-SNP2 for ultra-rare 

variants associated with epilepsy subtypes for various categories of coding variants. 
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5.4 Discussion  

Biomarkers play a crucial role in research and can serve as indicators of disease, progression, 

risk, or treatment response. Diagnosis of FCD can be difficult, particularly in Type I which 

does not show clear indicators in MRI. Having clear markers of disease is particularly 

important when early detection can influence disease management and improve patient 

outcome. FCD has been shown to develop into a more severe disease and early detection and 

resection could help mitigate this (274).  

FCD is characterised by mutations in the mTOR pathway which are often somatic and result 

in mosaicism (275). This makes studying FCD in humans challenging due to the genetic 

variably, as it complicates the understanding of the underlying mechanisms. Mouse models 

here provide a controlled environment to study the mechanisms and the neuropathological 

features. 

This analysis highlighted that the transcriptional landscape of FCD is complex and intricate. 

Using currently known markers alone may was not sufficient for identifying dysplastic 

neurons (DNs) as they do not display distinct enough transcriptional signatures to segregate 

independently from normal neurons. Nonetheless, once the DNs were identified in the mouse 

data, they did reveal differentially expressed genes to normal neurones, indicating that there 

are some transcriptional differences in these neurons. These however are not specific to only 

DNs and may have more subtle and temporal expression patterns. Additional factors may also 

be contributing to the manifestation of dysplastic neurones beyond gene expression. Studies 

have suggested epigenetic regulators, such as microRNAs play an important role in FCD and 

their dysregulation could lead to the pathogenesis (276).  
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The lack of specificity and widespread nature of these DE genes calls for more sophisticated 

techniques to discern these neurons in human data. Future work involves incorporating 

machine learning methods to classify DNs. As the presence of a plasmid sequences in the 

mouse data serves as a “ground truth” for indicating DNs, this provides a good basis for 

developing a machine learning model. Methods like Support Vector Machines (SVM) 

(277)and Gradient Boosting (XGBoost), (278)have the potential to discern subtler patterns 

that traditional clustering algorithms might miss. Once optimised, this model could then be 

applied to human datasets which lack clear identifiers of DNs, and allow the detection of 

these cells. The steps required to build a machine learning models are shown in Figure 5.12.  

An additional factor to consider in this analysis is that the quantity of reads associated with a 

cell could influence its dysplasticity, given that increased expression of Rheb may lead to 

greater mTOR activation. This factor should also be considered in future analysis as more 

dysplastic cells will display more abnormal properties.  

 

 

 

 

 

 

 

 

 

 

Figure 5.12 – Flow diagram to show how ML models will be used to help classify DNs in 

future analysis. 
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5.4.1 Limitations and Future Work 

A significant challenge in this analysis was the ability to distinguish dysplastic from non-

dysplastic neurons, and identify more specific markers that could be used for characterisation 

of dysplastic neurones. Single-cell sequencing lacks the spatial context necessary to 

accurately differentiate between these neuron types, and alternative approaches such as 

spatial transcriptomics could be used to address this limitation (279). This technique can help 

identify dysplastic neurons based on their location within the tissue map the gene expression 

within the anatomical context of the tissue providing a more precise understanding of the 

cellular and molecular alterations in dysplastic regions (280). Dysplastic neurons, which are 

morphologically distinct and typically originate from a single focus, can be identified in 

tissue samples. Integrating this identification into our analysis would enhance our ability to 

distinguish dysplastic neurons, improving the ability to perform differential expression 

analysis. This would better allow us to localize individual cells and their transcriptional 

signatures and elucidating the specific roles of dysplastic cells and cell subpopulations. 

Targeted pull-down assays also offer complementary strategies to extract the cells expressing 

the plasmid in order to identify more dysplastic neurons in the mouse tissue. Targeted pull-

down assays involve using specific probes or antibodies to selectively enrich cells of interest 

from a complex mixture. This could allow for a more focused analysis of these cells. 

Furthermore, integrating other omics techniques, such as proteomics and epigenomics, may 

also help elucidate the differences that are not apparent through transcriptomics alone. 
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Chapter 6 

Discussion 

This chapter provides a summary of the key findings in this thesis and discusses their 

implications within the field of epilepsy research. It will also address some limitations of the 

study and suggest potential directions and validations for future work in relation to this 

analysis. The overarching aim of the work presented in this thesis was to increase the 

understanding of cell-types and pathways involved in epilepsy as well as identifying potential 

candidates for drug targeting. By using brain tissue from different types and models of 

epilepsy, we aimed to find convergent signatures that are perturbed in epilepsy that might 

point to important mechanisms for effective therapeutic intervention. This was achieved 

through leveraging single-nucleus datasets as well as several publicly available datasets, in 

combination with optimised bioinformatics techniques. This integrative approach aims to 

contribute a novel perspective to the understanding and treatment of epilepsy. 

 

6.1 Cell-types in Epilepsy  

Epilepsy is a complex and heterogenous disease. To develop better treatments, we require a 

better knowledge of the cell-types, genes and biological pathways that contribute to the risk 

and progression of the disease. The primary focus of this work was to use gene expression to 

address gaps in the knowledge of cell-types involved in epilepsy and to address whether 

specific cell-types could be consistently associated with epilepsy. In chapters 3 and 4, cell-

type specific DEGs between case and control comparisons are identified and used to link 

common and rare variants to specific brain cell-types. This revealed extensive dysregulation 

across all cell-types and epilepsy heritability was found to be significantly enriched in many 
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of the disease related cell-type specific DEGs, painting a complex picture of epilepsy risk. 

For the acquired epilepsies, this suggests that the disease state cannot be attributed to a single 

cell-type or faulty gene expression, and is likely to be the result of a complex interplay 

between multiple dysregulated genes in several cell-types. 

 

A key aim of the work was to try and identify a convergent signature that could be targeted 

across diverse types of epilepsy. Despite the clear heterogeneity in gene expression changes 

astrocytes were highlighted as a potential converging contributor across multiple epilepsy 

models in both mouse and human tissue, with astrocytic DEG enriched for epilepsy 

heritability using data from both rare and common forms of epilepsy. Inhibitory and 

excitatory neurones were also significantly implicated across some comparisons particularly 

human Hippocampal Sclerosis and Focal Cortical Dysplasia. The glutaminergic synapse was 

a highly implicated term across several cell-types including glial cells despite this being a 

pathway associated more commonly with neurones. This was largely seen to be 

downregulated in neurones and upregulated in glia suggesting a close synergistic neuronal-

glial interaction around the glutaminergic synapse, modulating hyperexcitability.  

Neurones are known to be surrounded by various glia such as astrocytes and microglia which 

modulate neuronal activity for various neurotransmitters, such as glutamate and GABA, at 

synapses (74). These dynamic interactions are important in normal synaptic function and any 

disruption in these interactions could lead to a disruption in the control of excitability. The 

observed upregulation of gene expression in glial cells may indicate a compensatory 

mechanism that aims to counterbalance the activity in neurons, maintaining synaptic stability 

and excitatory equilibrium. Astrocytes have been shown to be involved in the reuptake of 

glutamate, helping to maintain a balance in the synaptic environment and maintaining 

homeostasis of neuronal circuits (281–283). Additionally, reactive gliosis of astrocytes which 
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involves astrocyte proliferation and the release of signalling molecules, has been shown to be 

both detrimental or protective in epilepsy (284–286). The question of whether gliosis is 

causal or consequential of disease has been debated, but there is evidence suggesting that 

astrogliosis leads to seizure generation in mice (287), and reactive astrocytes in human 

refractory TLE can contribute to the progression of the disease (288). Studies have also 

confirmed the presence of a subpopulation of specialised “glutaminergic astrocytes” with a 

discrete molecular signature resembling the glutaminergic synapse. These are involved in 

exocytosis of glutamate which may help control synaptic strength and transmission and may 

be a mechanism through which astrocytes are contributing to seizure generation when 

disturbed (289). Astrocytes have also been shown to release pro-inflammatory molecules and 

cytokines in response to brain injury and inflammation which is associated with epilepsy, and 

may also be contributing to neuronal hyperexcitability and seizure activity (171). This great 

diversity of function may explain the strong converging disease burden around astrocytes and 

why dysregulated genes in both directions show a strong association with genetic 

susceptibility.  

As well as in astrocytes, and microglia, inflammatory pathways were also implicated in 

neurons which highlight links to immune function across different forms of epilepsy. 

Inflammation is increasingly recognised as a significant factor in the development and 

progression of epilepsy, and has been shown to exacerbate hyperexcitability and lead to 

alterations in ion channels. Seizures themselves can also cause the release pro-inflammatory 

cytokines which can in turn alter neuronal excitability. This could also be a consequential 

response to seizures which can initiate reactive gliosis due to cell death (80,81).  

 

These analyses highlight the variety of cell-types implicated in epilepsy where the focus has 

previously been centred around neurons. As epilepsy involves a complex network disruption 



 

 

 241 

beyond induvial neurons, where disrupted synchronization and coordination leads to seizures, 

and dysregulation can arise from alterations in many aspects of synapse regulation, epilepsy 

is likely to be a complex interplay between cell-types rather than a focus on just one. To show 

that a cell-type is causal in epilepsy, it needs to be shown that function of this cell-type is 

perturbed before the onset of epilepsy, and that this change in isolation would lead to the 

development of epilepsy. Astrocytes have been recently shown to be contribute to early 

network hyperactivity in Alzheimer’s disease through disruptions in calcium signalling, when 

the calcium signals were restored, seizure susceptibility was recovered in mice. This study 

implicated astrocytes are key mediators in early AD pathology through disruption of 

excitability, which could be evidence for an early functional role in seizure generation (290). 

A better understanding of astrocyte role in epilepsy requires a better understanding of the 

specific mechanism and pathways that are dysfunctional in order to be able to validate these 

findings experimentally. 

 

6.2 Genetics of Epilepsy  

Epilepsy is a highly heterogenous disease and there is ongoing debate about whether it 

represents many diseases arising from rare monogenic variation or a large number of discrete 

polygenic contributions (32). It is increasingly believed that complex diseases can be caused 

by both rare and common variants, and in the exploration of the underpinnings of epilepsy it 

is important to consider both types of variants and their implications in gene dysregulation 

(291). Prior research suggests a convergence of mechanisms between rare and common forms 

of epilepsy, particularly related to synaptic function (36). In this study we showed that rare 

and common variants are both enriched in astrocytic dysregulation which could indicate 

additional shared mechanisms. There is mounting evidence to suggest epilepsy common and 

rare variants coalesce around the same or at least overlapping sets of genes, (292). Even in 
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the case of rare epilepsies, small effect common variants could influence the clinical 

manifestation. The genetic architecture of epilepsy is complex and while over 400 genes have 

been identified as playing a pathogenic role in epilepsy, these have been concentrated around 

ion channels and synaptic vulnerability. New mechanism of diseases are needed to find better 

treatments that maybe better able to target the refractory epilepsies (293). Finding out how 

genetic variants contribute to common forms of epilepsy can help translate genetic 

discoveries into relevant information for patients and their families.  

 

6.3 Alternative mechanisms 

A recurring theme in this analysis has been the involvement of the mTOR pathway 

converging across comparisons and species. mTOR is a protein kinase involved in 

intracellular signalling, and the mTOR pathway is a crucial pathway in the regulation of cell 

growth, proliferation, protein synthesis and survival (294,295). Dysregulation of both 

upstream and downstream regulators of mTOR have been shown to cause several genetic 

types of epilepsies such as FCD and Tubular Sclerosis (TS), which lead to drug refractory 

seizures termed mTOR-pathies. While this pathway has mainly been implicated in these 

specific types of epilepsy, it may have implication in other epilepsies too (160).  

In this analysis several genes were highlighted to be involved in activating the mTOR 

pathway. STAMPB1, PIK3CA, and PLCB1 were genes which were differentially expressed 

across 4 or more comparisons in the DE analysis across both species, showing a convergent 

dysregulation in multiple forms of epilepsy. NQO1 and MAT2A were two of the most 

significant genes identified as being regulators of disease-related gene expression 

intersections with CRISPRbrain perturbation data. All of these genes have been shown to be 

involved in activation of the mTOR pathway (189,191,230,231,296). Additionally, two genes 

in the mTOR pathway were also found to be significant regulators in this analysis: 
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PPARGC1A and EEF2. The mTOR pathway has more recently gained attention as a 

therapeutic target for intervention in epilepsy. mTOR inhibitors such as Everolimus and 

Sirolimus which are approved molecules for certain types of tumours, have also been shown 

to decrease seizure frequency in TSC (263). It has been shown that modulation of this 

pathway may have anti-epilepsy effects, however the relationship between mTOR signalling 

and epilepsy is complex and may involve several interactions with other cellular pathways 

and environmental factors (297). As well as being associated with mTOR activation, NQO1 

was also shown to be involved in oxidative stress pathways. Characterisation of dysplastic 

neurones in Chapter 5 – cells in which mTOR is overactivated – showed that several 

oxidative stress pathways were upregulated in these neurons. Oxidative stress has been 

associated with neuronal hyperexcitability and is an underlying mechanisms in the initiation 

of seizures and contributes to neuronal degeneration. It has recently been evaluated as a 

therapeutic target in epilepsy through Nrf2 (298). 

 

An additional mechanism potentially contributing to epilepsy's complexity is the role of 

homeostatic plasticity. In a healthy brain, excitability is carefully regulated by homeostatic 

mechanisms and any perturbations in neuronal function should be brought back to normal by 

compensatory mechanism. As epilepsy involves the abnormal firing of neurones that lead to 

seizures, epilepsy has been previously described as a failure of homeostatic plasticity or a 

maladaptive response to perturbations in activity as this perturbation can’t be regulated (185).  

A convergent mechanism between drug resistant epilepsies or between rare and common 

epilepsy could be a failure of homeostatic plasticity. Mutations which cause a loss of function 

in the genes involved in restoring balance may mean the homeostatic mechanism cannot 

compensate for normal cellular processes. Whether this occurs through astrocytes or other 

cell-types, it is still in debate exactly how homeostatic plasticity is involved in the 
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epileptogenic process, and complexity arises from the compensatory responses that need to 

distinguished from those that drive disease pathogenesis (299,300). 

 

6.4 Drug discovery 

Despite a wide range of anti-seizure drugs, one third of patients still have seizures which 

cannot be treated, and currently, there are no medication that are able to prevent the onset or 

halt progression of the disease. Past research has primarily focused on drugs targeting 

synaptic and ion channel proteins, but targeting new mechanisms that contribute to 

hyperexcitability, such as astrocyte dysfunction of disease may result in the development of 

better medication (301). In this study we use gene perturbation data to identify upstream 

regulators that may be causing changes in gene expression leading to epilepsy in specific cell-

types. This approach may allow for the identification of better disease-modifying targets, 

which can realign the disease profile to those of healthy cells. Hypothesis-free, data-driven 

approaches such as the ones used in this study allow us to study large number of targets 

unbiasedly, as opposed to a small handful of targets that is often seen with preclinical studies. 

Having genetic evidence has been shown to be important in the rate of success of approval of 

a drug, however for this information to be used effectively drug development, we need a 

mechanistic link between the variant and the disease, as the highest failure rates for drugs 

occur when targeting proteins with new mechanisms of action or diseases with poorly 

understood pathogenesis (44,302).  

6.5 Limitations 

Epilepsy is complex and has an intricate transcriptomics and temporal profile. It is 

increasingly recognised as a group of syndromes and not just one disease and the issue of 

drug resistance in epilepsy is recognized as being multifactorial and patient-specific, rather 

than being caused by a single mechanism. While we see some evidence of convergent signals 
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in this analysis, the inherent variability necessitates a personalized approach to understanding 

and treating epilepsy. This adds to the challenge of drug discovery as drug resistance is likely 

not driven by singular mechanism or variant and is likely diverse and personalised.  

 

It is important to note that while differential expression analysis is a core part of analysis of 

transcriptional datasets, a key issue is how can we distinguish causal from compensatory 

changes. The genes identified here can give us a useful insight into the mechanisms being 

impacted in disease which can help provide information into the pathogenesis. However, 

looking at DEGs alone cannot tell us whether the differences in gene expression we see, are 

the differences that are driving the disease, and incorporating additional analyses and 

methodologies can help uncover the complex molecular basis of epilepsy and provide more 

comprehensive insights into the disease. Heritability analysis is very useful in determining 

whether there is a genetic basis to the changes we see in the specific cell-types involved, 

however establishing causality requires more than just evidence of heritability. It involves 

demonstrating that changes in the gene or genes directly lead to changes in the trait, which 

often requires experimental intervention or observation of the effects of natural mutations.  

 

Additionally, is important to look at cells within the context of a complex multidimensional 

space in which they can be affected by many perturbations. Shifts in gene expression can be 

caused by many other factors such as changes in cell proportions, or cell sub-types, or cell-

cell interactions. A limitation of the CRISPRbrain perturbation analysis comes with the use of 

induced pluripotent stem cells (iPSCs). The use of iPSCs provides a valuable tool, but static 

time points may not capture the dynamic nature of the disease, and studying cells in isolation 

may not fully capture the interactions and network effects that occur in the brain. Due to the 

complex nature of neuronal networks and homeostasis, even a single change can have 
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widespread effects. Identifying molecules that can precisely target specific cell-types remains 

a challenge due to the complexity of cell interactions in the brain. This interconnectivity 

means that influence on one cell-type will likely lead to secondary effects. Even within a cell-

type there can be different responses and a drug may not be as effective against one cell-type. 

Furthermore, when pursuing disease-modifying drug targets, reliance on mouse models may 

be a limitation as they also may not accurately model disease modifying effects. Many animal 

models of neurological disease are known to be isomorphic, meaning they duplicate the 

disease but not necessarily the underlying aetiology.  

 

In conclusion, integrating genomic approaches and drug repurposing strategies can provide 

valuable insights into identifying disease-associated targets and potential treatments for 

epilepsy, however it is essential to consider the complexities and limitations of each 

approach, as well as the need for comprehensive understanding of disease mechanisms and 

careful evaluation of downstream effects. 

 

6.6 Future Work 

While the above analyses focus on the major cell-type classes, other studies have looked at 

subtypes or subsets of cells. These “subsets” reflect transcriptionally district subpopulations 

of the major cell classes. We have chosen not to focus on these in this study, due to the 

ambiguity associated with this type of analysis. It is unclear whether annotated subtypes are 

referring to transcriptionally distinct types of cells or whether these differences in gene 

expression are reflecting different states that the cells are in and so preliminary work has 

focused on major classes. Future work includes looking at brain layers and regions 

individually to identify cell-types that belong to particular areas of the brain e.g. the dentate 
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gyrus which is often where seizures are initiated. Looking at ictogenic subregions again may 

again help to identify transcriptional differences that may influence epilepsy risk.  

 

Finally, as the analyses in this study were largely centered around genes that were 

differentially expressed between case and control transcriptomic data, we cannot confidently 

infer the disease is causing the changes we see and it likely the changes we see are as a result 

of the disease. This is referred to reverse causality where the cause-and-effect relationship 

between two variable is unclear. Future work includes further exploring the causal 

relationship between gene expression and diseases by using additional methodologies such as 

expression quantitative trait loci (eQTLs) analysis, Mendelian Randomization (MR), and 

colocalization. These are statistical methods that use genetic variants to determine a causal 

link between gene expression and disease. A further 70 human epilepsy samples will be 

added to this analysis to perform a large single-cell epilepsy mendelian randomization as 

described previously described (303). These methods can better assess whether gene 

expression is causally linked to epilepsy risk.  

Moreover, recent advances in machine learning methods has lead to the emergence of novel 

methodologies capable of predicting gene expression outcomes following genetic 

perturbations. Foundation models are pre-trained computational frameworks that have been 

developed to understand the function and relationships of genes based on expression data 

from single-cell transcriptomics (304,305). These models may facilitate drug discovery by 

simulating the cellular impacts of gene perturbations, allowing for the predictions of effects 

of genes across various conditions, deepening out understanding of the genetic underpinnings 

of epilepsy. Future work involves applying these models using the snRNA-sequencing 

epilepsy datasets to enable predictions of candidate therapeutic targets.  
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The analysis and results presented take the first steps in identifying candidate genes for drug 

targeting. While bioinformatics serves as a great starting point for research and provides an 

unbiased exploratory and data-driven methods for finding drug targets, experimental 

validation in model systems is still necessary. Future work involves experimentally validating 

some of the drug targets identified in this study to confirm whether their effect and 

directionality is as predicted. Experimental validation can also help us understand the 

functional context in which these genes are operating. Conditional knockout models could be 

used to confirm whether the predicted perturbation effect is indeed causing epilepsy or 

seizures, or similarly monitoring of synaptic potential in cell cultures could also be used to 

validate the modulation of genes. While targeting upstream regulators that affect multiple 

genes can have a disease-modifying impact, it is important to consider potential downstream 

effects, underscoring the need for rigorous validation. Additionally, as we explore alternative 

mechanisms in epilepsy treatment, traditional drug testing paradigms may require adaptation 

to accommodate these novel targets. So while disease-modifying approaches and drug 

repurposing approaches may speed up the drug discovery process, practical applications need 

to make significant considerations of various biological, technical, and regulatory factors that 

add complexity to the process. 
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Appendix 
 
Tables in .xls format can be found at https://github.com/Mybzd/Appendices: 

 

1. Appendix Table 1: Cell-type specific differential expression analyses results for all mouse 

comparisons 

2. Appendix Table 2: Functional pathway enrichments for all mouse comparisons 

4. Appendix Table 3: All results of CRISPR brain perturbation analysis in mouse 

5. Appendix Table 4: Functional pathway enrichments of CRISPRbrain perturbations 

6. Appendix Table 5: Cell-type specific differential expression analyses results for all 

human comparisons 

7. Appendix Table 6: All results of CRISPR brain perturbation analysis in human 

7. Appendix Table 7: Functional pathway enrichments across all human comparisons 

8. Appendix Table 8: All marker genes of dysplastic neurons 
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